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ABSTRACT
The origin of Life on Earth is the greatest unsolved mystery in the history of science.
In spite of progress in almost every scientific endeavor, we still have no clear theory,
model, or framework to understand the processes that led to the emergence of life on
Earth. Understanding such a processes would provide key insights into astrobiology,
planetary science, geochemistry, evolutionary biology, physics, and philosophy. To
date, most research on the origin of life has focused on characterizing and synthesizing
the molecular building blocks of living systems. This bottom-up approach assumes
that living systems are characterized by their component parts, however many of
the essential features of life are system level properties which only manifest in the
collective behavior of many components. In order to make progress towards solving
the origin of life new modeling techniques are needed. In this dissertation I review
historical approaches to modeling the origin of life. I proceed to elaborate on new
approaches to understanding biology that are derived from statistical physics and
prioritize the collective properties of living systems rather than the component parts.
In order to study these collective properties of living systems, I develop computational
models of chemical systems. Using these computational models I characterize several
system level processes which have important implications for understanding the origin
of life on Earth. First, I investigate a model of molecular replicators and demonstrate
the existence of a phase transition which occurs dynamically in replicating systems. I
characterize the properties of the phase transition and argue that living systems can
be understood as a non-equilibrium state of matter with unique dynamical properties.
Then I develop a model of molecular assembly based on a ribonucleic acid (RNA)
system, which has been characterized in laboratory experiments. Using this model I
demonstrate how the energetic properties of hydrogen bonding dictate the population
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level dynamics of that RNA system. Finally I return to a model of replication in
which replicators are strongly coupled to their environment. I demonstrate that this
dynamic coupling results in qualitatively different evolutionary dynamics than those
expected in static environments. A key difference is that when environmental coupling
is included, evolutionary processes do not select a single replicating species but rather
a dynamically stable community which consists of many species. Finally, I conclude
with a discussion of how these computational models can inform future research on
the origins of life.
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Chapter 1
ORIGIN OF LIFE BACKGROUND AND INTRODUCTION
1.1 The Greatest Mystery
The origin of Life on Earth is the greatest unsolved mystery in the history of
science. In the last hundred years our contemporary theories of matter have reached
an unprecedented degree of predictive capability and our cosmological models continue
to provide ever richer explanations for our position in the universe [1, 2]. Meanwhile
our mechanistic understanding of biological processes is becoming clearer every day
[3]. Large scale patterns in ecosystems and societies are emerging [4]. However, in
spite of progress in almost every scientific endeavor, we still have no clear theory,
model, or framework to understand the processes underlying the emergence of the
first living organisms [5–7]. Understanding such a process would provide key insights
into Astrobiology, planetary science, geochemistry, evolutionary biology, physics, and
philosophy.
In this chapter I outline some of the core concepts related to studies on the origin
of life. I begin with a brief summary of the historical origins of the work. I point out
some issues unique to the origin of life community as an interdisciplinary scientific
endeavor. Then I delve into two distinct schools of thought which have dominated
the development of theoretical models, the replication or genes first camp, and the
metabolism first camp. Both of these schools of thought assert that different kinds
of organization explain the essential features of biology. I conclude with an overview
1
of the rest of this dissertation and outline where this work fits within the larger
framework surrounding the origins of life.
1.2 Epistemology
“If we want to understand nature, if we want to master our physical surroundings,
then we must use all ideas, all methods, and not just a small selection of them.”
- Paul Feyerabend, Against Method
The study of the origin of life on Earth has a rich and complex history. The
beginning of modern scientific work on the topic can be traced back to Louis Pasteur’s
seminal work which refuted the (then popular) idea of spontaneous generation [8].
Interestingly, prior to Pasteur’s work, many philosophers and scientists subscribed to
the idea that, “living organisms were the historical outcome of gradual transformation
of lifeless matter [8].” Investigations and refinements of that idea have transformed
into the study of prebiotic chemistry, and represent a view known as the material basis
of life. After Pasteur publicly refuted spontaneous generation, many philosophers and
theologians used his work to justify the more vitalist views of biology [8]. The vitalist
interpretation suggests that there are distinct principles which govern living matter
but do not constrain non-living matter, while the material basis for life asserts that
life can be completely explained and understood in of physical and chemical terms.
Contemporary origin of life research can often be understood as an attempt to refute
the vitalist perspective. Typically this involves demonstrating that a fundamental
principle of biological organization can be understood in physical terms. Practically
speaking, this means that solving the problem of the origin of life on Earth will, in
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part, consist of demonstrating that what was impossible in Pasteur’s sterilized flask,
was possible on a sterilized planet.
Understanding the origin of life on Earth is complicated in part because of the
number of different scientific disciplines which are interested in the problem [6]. This
naturally leads to conflicts within the community because different disciplines tend
to have different technical languages, different publication practices, and distinct
standards of evidence [9]. In many scientific endeavors, conflicts of this nature can
lead to new paradigms and even revolutions [10]. However it appears that progress
on the origin of life may be stuck in a pre-paradigm phase, perhaps due to the fact
that research on the origin the of life is composed of a number of different disciplines
rather than defining a discipline in its own right. The historian of science Thomas
Kuhn characterized pre-paradigm phases as a time when there is no consensus on any
particular theory, and there is no body of knowledge that can be taken for granted [10].
A survey of literature on the origin of life reveals a plethora of different frameworks
which are all based on different facts, and represent different perspectives on the same
phenomena. Some paradigms are based on extrapolating backwards in time from
contemporary biology to primitive life and its environment [11–15], while some focus
on the dynamical and statistical features of living systems [16–21] and still others
emphasize informational or computational features of biology [22–25].
Any contribution to understanding the origin of life, must be placed within the
context of a particular conceptual framework. The search for an optimal, or rational
means to decide between competing research programs was a significant area of
study for contemporary philosophers of science [26], but the overwhelming conclusion
has been that paradigms are adopted by scientific communities for sociological and
historical reasons, rather than logical or empirical reasons [10, 27]. One way to
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categorize paradigms is based on the way they provide explanations for phenomena.
For example, paradigms which originated in the tradition of physics offer explanations
in terms of first principles [28] -as opposed to historical explanations which are common
in biology and geology [29]. As an example, consider the fact that all the planets in the
solar system are in nearly the same plane of rotation relative to the sun. A historical
explanation of this would involve recounting the steps which lead to the creation of the
solar system and explaining how the planets happened to stabilize in the same plane.
A first principle explanation would invoke conservation of of angular momentum to
demonstrate why it must have been the case that large bodies in the solar system be
confined to a single plane. Candidate first principles have been suggested in various
sub-fields of biology [30–32], although the ubiquity and utility of these principles
remains to be tested. Paradigms which attempt to explain the origin of life on Earth in
terms of first principles have an advantage relative to historical accounts, because such
principles will be testable within laboratory settings, and provide possible principles
of universal biology, which would be testable in exoplanetary systems. While it is
not yet clear that biological theories will ever been entirely based on first principle
explanations [33], in the discussion that follows paradigms which emphasize first
principle explanations will be prioritized.
There is no universally accepted definition of life. Disagreements about definitions
of life and the nature of living systems are a constant source of conflict between
competing paradigms within the community [34–37]. While any proposed universal
definition of life will not be tested until a second sample of life is discovered, there
is undoubtedly value in attempts to describe life as we know it. This is exemplified
by the work of Schrödinger in his lecture and book, “What is life?” By developing a
rich description of the physical requirements of any genetic molecule, Schrödinger was
4
able to predict that it must have been composed of an aperiodic crystal [38], prior
to the discovery of DNA. Schrödinger was able to provide such a specific prediction
because he focused on developing a thorough description of the physical characteristics
of genes. One of the biggest conceptual hurdles in understanding the origin of life
lies in developing a language which can effectively describe many forms of biological
phenomena. Therefore developing coherent descriptions of biological organization
should be prioritized. If clear descriptions can be made, they lead to predictions, and
eventually explanations for phenomena. Indeed many attempts to understand the
origin of life begin with describing particular features of living systems. In the next
section the results of starting with two very different descriptions of life are explored.
1.3 Perspectives on the Origin of Life
1.3.1 Replication First
One of the most distinctive features of life on earth is the capacity for biological
entities to reproduce. The central role of self-replication in Darwinian evolution has led
many to suggest that replication was essential in driving the transition from non-life
to life. Many definitions of life include the capacity to engage in Darwinian evolution
as a necessary requirement, and some authors have even suggested that the origin
of replication is coincident with the origin of life [17]. One of the most well studied
frameworks in origin of life literature is the so called “replication first“ perspective.
The key assumption of this perspective is that at some point in the process of the
origin of life on Earth, individual molecules with the capacity to catalyze their own
reproduction emerged from a chemical milieu. Here I describe the dynamical, logical,
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statistical and thermodynamics constraints on such a system. These constraints define
the theoretical framework of the replication first camp.
The primary motivation for the replication first framework is that the process of
replication allows for Darwinian evolution. Darwinian evolution over the course of ∼
4 billion years is then taken as the explanation for the diversity and complexity of the
contemporary biosphere. However, “survival of the fittest” requires particular dynamics
in order to occur in theoretical models [39]. To see this, consider a well mixed bath of
supplies and molecular replicators. Here we ignore the effect of mutations and spatial
diffusion. The role of spatial diffusion in these systems is difficult to understated,
particularly in the face of mutations and parasites, although it will not be considered
here. The simplest means to achieve survival of the fittest in a dynamical model like
this is with strictly exponential growth, which can be described as, A+ S → 2A+W ,
where A is the replicator, S is supplies and W is waste. The scheme leads to the
following growth law,
A˙ = kAA, (1.1)
which yields the solution [39]
A(t) = A(0) exp(kAt). (1.2)
Two replicators in the same environment with different growth rates (e.g. different
values of k in the growth law), will compete with each other, and in the limit of
t→∞ the one with the larger growth rate will out compete the other. If fitness here
is represented by the growth rate, then this situation typifies survival of the fittest. If
the growth law is not strictly exponential this is not guaranteed [40]. Situations of
this type might seem exotic, but they are easily imagined, for example if the dynamics
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were instead, 2A+ S → 3A+W , the associated growth law would be of the form,
A˙ = kAA
2, (1.3)
which is known as hyperbolic growth, because it is faster than exponential. In this
situation competing replicators would grow to an infinite concentration in a finite
time [40], which is given by
t∞ ≈ 1
A(0)
. (1.4)
This situation is known as survival of the common, because the replicator with
the highest initial concentration will ultimately out- compete others. Similarly,
parabolic growth can occur when the dynamics follow the form of, A+ S → AA and
AA ↔ A + A where the reaction rate constant of the re-association is much faster
than the dissociation[40]. This leads to a growth law of the form,
˙[A] = kA[A]
1
2 . (1.5)
Competing replicators with parabolic growth laws will coexist indefinitely, in
proportion to the square of the their growth rate k and in the absence of external
perturbations. This situation is known as survival of everyone [40]. A comparison of
all these dynamics over a short time interval is shown in Figure 1.
Early in evolutionary history, replication rates may have been much slower than
in contemporary biology. If replication rates where sufficiently slow, they may have
not contributed significantly to the dynamics of prebiotic systems [41, 42]. Nowak
and collaborators developed a mathematical model in an attempt to understand how
evolutionary dynamics could have emerged from a prebiotic polymer system [17]. They
utilized a binary polymer model, where every chemical species can be represented
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Figure 1. Time evolution of replicators with different growth laws. Parabolic
(orange), Exponential (blue), and Hyperbolic (green) growth laws are shown. In all
cases A(0) = k = 1
as a binary string. In their model, strings could growth through the addition of a
monomer to one end of the sequence, allowing any reaction of the form i + 0 → i0
or i + 1 → i1, where i is any binary string. Models of this form are common in
models of prebiotic chemistry because they allow for an unlimited number of distinct
chemical species, and they have a natural measure of “complexity” which is the length
of the sequences [17, 18, 43]. Nowak et al demonstrated that by varying the rates at
which monomers were added to different sequences, “selection” could occur without
replication, a situation they deemed pre-life. They then demonstrated that if sequences
of a given complexity (e.g. length) could replicate themselves selection could occur on
the replicating sequences, which they called life. They go on to provide the conditions
under which the dynamics of life dominated the dynamics of pre-life. They show that
the dynamics depend on the prebiotic reaction rates, the replication rates and the
minimal replicating length (complexity). Nowak et al did not investigate the role of
finite resources in nucleating the transitions they observed in their dynamical model.
It is often assumed that Darwinian evolution is responsible for one of the most
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striking features of biology: is its apparent capacity for open-ended evolution [44].
In the 1940s von Neumann considered what kind of machine would be capable of
sustaining this type of evolution [45]. To formalize “open-ended evolution” von
Neumman considered what would be required to build a machine capable of creating
any other machine, including itself. Following Turing, von Neumann separated the
machine into a “vehicle” and an “instruction tape” [45]. The process of interest can be
represented as V T VT−−→ 2V T ,
where ‘V’ represents the vehicle or machine and ‘T’ represents the instruction tape,
and the ‘VT’ over the arrow indicates that the vehicle tape combination facilitates
(catalyzes) the process. The bulk process can be viewed in atomic steps as follows:
1) the vehicle uses the instruction tape to create a new vehicle, V T VT−−→ V T + V
2) the vehicle makes a copy of the instruction tape, and V T VT−−→ V T + T
3) the new vehicle and new instruction tape are joined together V + T VT−−→ V T
von Neumann recognized that the instruction tape would need to play two roles,
illustrated by steps one and two. First the tape must be read as instructions, and
then the tape must be blindly copied. The decision of how to treat the tape cannot be
contained within the tape, because the tape would need to contain a representation
of itself. von Neumann argued that such a representation would cause a logical
infinite regress and would not be possible in a physical system. Instead he proposed
a third element to the constructor, which he labeled the “supervisory unit,” which
would control how the constructor would respond to receiving a tape. Although von
Neumann’s goal was to develop a physical universal constructor, he was unable to
realize it. He settled instead for a toy model in a 29 state cellular automata, which
was implemented after his death [45].
Von Neumann’s work on self-reproduction preceded the discovery of DNA, although
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his manuscripts were published much later. Biologists now refer to the dual roles of the
tape as the processes of translation and transcription. The lasting effect of his work on
the matter was to demonstrate that this vehicle-tape logic was a sufficient condition
for open-ended evolution [45]. In 2013, some 60 years after von Neumman’s work
on the matter Chiara Marletto published Constructor Theory of Life, demonstrating
that the vehicle-tape logic was a necessary condition for open-ended evolution [25].
Marletto’s motivation was distinct from von Neumann’s in that she did not intend to
demonstrate how a self-reproducing machine could be created, but rather how the
appearance of biological design is consistent with the known laws of physics. She
formalized her argument using the newly proposed framework of constructor theory,
and by assuming that there are “no design laws,” contained within the laws of physics.
Marletto then argues that the appearance of design requires that replication can be
achieved with arbitrary accuracy, which can only occur with error-correcting codes,
which must be digital. The process of error correction can only occur if the tape can
be copied blindly, which leads again to the arguments of von Neumann. Thus the
requirement of “no design laws of physics,” necessitates a particular logical architecture
for systems capable of open-ended evolution [25].
von Neumann and Marletto are some of the only authors who have focused on
the logical consequences of self-reproduction. Most studies have instead emphasized
the dynamical consequences of such systems. Investigations in this area originate in
the traditions of mathematical biology and statistical physics. The role of thermo-
dynamics and statistical physics in describing biological systems has been debated
widely. Schrodinger argued that living systems must thrive on some type of “negative
entropy [38].” Unfortunately the appropriate extensions of equilibrium thermodynam-
ics into non-equilibrium systems remained elusive for many years. This prevented
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the development of thermodynamic descriptions of the non-equilibrium patterns in
biological systems and testing of these ideas, until recently. The development of
several theorems about non-equilibrium statistical mechanics, which are now called
fluctuation theorems has allowed for new investigations into the statistical physics
of non-equilibrium biological processes [46]. A key result of these new investigations
is a generalization of the second law of thermodynamics to include the process of
replication [20].
England’s generalized second law is developed directly from the Crooks Flucuation
Theorem, which states [47]
pi(I → II)
pi(II → I) = exp (βQI→II) . (1.6)
Here pi(I → II) represents the probability of transitioning from macrostate I to
macrostate II in some finite time, while QI→II is the heat generated in the transition
from I to II, β is the inverse temperature. The first step in the derivation is to
recognize the identities,
pi(I → II) =
∫
II
dj
∫
I
di p(i|I) pi(i→ j) (1.7)
pi(II → I) =
∫
I
di
∫
II
dj p(j|II) pi(j → i), (1.8)
where i is any microstate in macrostate I, and j is any microstate in macrostate II.
By substituting these into Eqn 1.6, some algebra yields,〈
exp− ln[
pi(I→II)
pi(II→I) ] expln[
p(j|II)
p(i|I) ]〈exp−βQi→j〉i→j
〉
I→II
= 1. (1.9)
England claims that this immediately yields the generalized second law,
β〈Q〉I→II + ln
[
pi(II → I)
pi(I → II)
]
+ ∆Sint ≥ 0, (1.10)
where the fact that exp(x) ≥ x+ 1, has been used to replace the exp
(
ln
[
pi(II→I)
pi(I→II)
])
term. ∆Sint is defined as the difference between the Shannon entropy of macrostate II
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and macrostate I. England then argues that macrostate I and II can be defined in an
arbitrary way. It is important to note that it is currently unclear whether, arbitrary
macroscopic descriptions of systems provide accurate descriptions of microscopic
dynamics [21, 48, 49]. He chooses to define I as the state where there is a single
replicator and raw materials, and II as the state where there are two replicators.
He formalizes this using the master equation approach and saying that the growth
rate of the replicator population is defined by a parameter g, while the degradation
rate is given by a parameter d. He argues that the ratio d
g
should be the transition
probabilities given by pi(II→I)
pi(I→II) . Substituting this into Eqn 1.10 gives
ln
[g
d
]
≤ βQ+ ∆Sint. (1.11)
This can be used immediately to bound the maximum growth rate of a replicator,
given by
gmax − d = d(exp(βQ+ ∆S)− 1). (1.12)
Eqn 1.12 defines the thermodynamic limits on self-replication, although it is not
clear that any replicators operate near this limit, England provides a few possible
examples in [20]. One of the more interesting aspects of Eqn 1.12, is that it makes
Schrodinger’s intuition, that replicators must feed off some “negative entropy,” an
explicit statistical statement. Replicators which produce a larger amount of heat
(Q) in their reproductive process, can have a higher reproduction rate. This result
supports the conjecture that biology emerged on the early Earth as a dissapative
system, in response to far-from-equilibrium boundary conditions.
Perhaps one of the cleanest unions of theoretical biology and statistical physics
comes from Gregry Karev, in an article titled Replicator Equations and the Principle
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of Minimal Production of Information [50]. Karev investigated a very general version
of the replicator equation,
dPt(a)
dt
= Pt(a) (F (t, a)− Et[F (t, a)]) , (1.13)
where P (a) represents the frequency of individuals with characteristics defined by
the vector a, and F is some measurable function of a and t, often referred to as
the Malthusian fitness, and Et[F (t, a)] is it’s expected value [50]. He was able to
demonstrate that any solution to this equation can be written as a generalized
Boltzmann distribution, which takes the form
Pt(a) =
exp Φ(t, a)
Z
P0(a), (1.14)
and further, he was able to demonstrate that any generalized Boltzmann distribution
solves Eqn 1.13. Karev goes on to demonstrate that the solutions to 1.13, and indeed
all generalized Boltzmann distributions, obey the principle of maximum entropy
production, also called the principle of minimum discriminate information.
The principle of maximum entropy production, and related principles, are grounded
in the principle of maximum entropy, also known as MaxEnt [51]. MaxEnt is a guiding
principle in statistical inference, which states that when inferring a distribution from
limited information, the distribution should be as unbiased as possible to unknown
information [51]. This principle is implemented mathematically by maximum entropy
methods, which maximize the uncertainty in a probability distribution subject to some
known averages over the distribution (which constitute the known data). The principle
of maximum entropy production (MEP) states that at all times in the evolution of
a probability distribution, the entropy of the distribution is maximized given the
constraints at that time [52]. The principle of minimum discriminate information
(MinxEnt) states that when updating a probability distribution given new information,
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the updated distribution should contain as few discriminating features as possible
relative to the previous distribution [50]. MinxEnt is equivalent to MEP in situations
where the prior distribution constrains the future (e.g. where the distribution has
some kind of memory), which is the case in replicating populations [50].
The principle of Maximum Entropy Production (MEP) has been applied to a
large number of dynamical systems with varying degrees of success [52, 53]. It
has been suggested as a general principle of non-equilibrium statistical systems
[54], but it is not clear that it necessarily generalized the features which made
equilibrium thermodynamics successful[21]. If it turns out that MEP constitutes a
general principle of non-equilibrium statistical systems, Karev’s result would have
important implications for understanding what biological systems are. If all dynamical
statistical systems obey MEP in one way or another, then all such systems would
yields distributions which take the form of the generalized Boltzmann distribution,
which solve the replicator equation. This would imply that our models biological
evolution may be equivalent to our models thermodynamic optimization.
The replication first paradigm invokes Darwinian evolution as an explanation the
complexity of the biosphere. This perspective essentially represents an out growth
of evolutionary biology, and an attempt to extend neo-Darwinism all the way to the
beginning of biology [25]. However, the experimental difficulties in finding a simplified
replicator have led many to question this perspective [55]. Similarly the emphasis
on a single molecule replicator may be misplaced given the logical considerations of
von Neumann and Marletto. In spite of being richly developed, the replication first
paradigm has some fundamental issues, which may not be addressable from within
that framework. The solution to many of the issues is contingent on discovering a
primitive biopolymer capable of exponential amplification. However even if such a
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molecule was found, it has never been demonstrated how genes could have become
embedded within the larger context of a cell, or even a primitive metabolism.
In spite of these problem, two chapters of this dissertation are dedicated to models
of molecular replication. In contrast to other models [17, 43], the studies in this
dissertation focus on the impact that replicating molecules have on their environmental
conditions. In chapter 3 I will demonstrate how the emergence of replication causes a
dramatic reorganization in the entire system, redistributing mass between replicators
and the environment. In chapter 5 I demonstrate how environmental feed backs can
dynamically reduce the mutation rate in replicators, enabling the stable transmission
of genetic information in the face oh high mutation rates. These models characterize
previous unexplored dynamics which only emerge in closed systems.
1.3.2 Metabolism First and Life as a Non-equilibrium system
While the replication first paradigm views living systems as essentially Darwinian
systems, there is another perspective which emphasizes the physical and chemical
characteristics of living systems. This prospective is often framed as a response to the
replication first perspective, and therefore is less unified in its guiding principles. Some
authors maintain the assertion that the capacity for evolution by natural selection
is the essential feature of biology, while accepting the lack of empirical evidence for
the existence of self-replicating biopolymers [55–57]. These authors therefore focus
on understanding how distributed systems of reactions could evolve in a Darwinian
sense. Other authors set aside the Darwianian nature of living systems and instead
focus directly on the thermodynamic, and nonequilibrium nature of living systems
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[15, 16, 21, 58]. Both of these approaches have been referred to as the metabolism
first paradigm.
The first perspective, which maintains a Darwinian paradigm, originated with
the work of Stuart Kauffman, with a paper from 1986 in which he demonstrated
that random reaction networks were asymptotically guaranteed to have reflexively
autocatalytic sets [59]. Kauffman defined chemical reaction systems as collections of
reactions (defined by the products and reactants), and associated catalysts. He then
defined autocatalytic sets to be sets of reactions where each member of the set was
the product of a reaction which was catalyzed by another member of the set [60]. The
central idea motivating this work was that these autocatalytic sets would be units of
reproduction prior to self-replication or genes, which would be able to compete with
other sets in a Darwinian sense. To formalize his ideas, Kauffman considered the set
of molecules Xn, represented by binary sequences up to length n. For a given length
n there are [60]
|Xn| =
n∑
i
2i ≈ 2n+1, (1.15)
molecules. If each molecule can be formed by attaching two smaller molecules together
then the number of possible reactions to make molecules of up to length n, the number
of reactions is [60]
|Rn| =
n∑
i
(i− 1)2i ≈ (n− 2)2n+1. (1.16)
Kauffman’s result is the consequence of two observations about this type of system.
First the number of possible reactions grows linearly with the maximum size of the
molecules because |Rn|/|Xn| ≈ (n− 2), meaning that in the large n limit there will
be many more possible reactions than molecules. Second, Kauffman noticed that the
number of possible reactions will overwhelmingly involve the smaller sized molecules
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in the system [60]. This is due to the fact that the number of reactions of which would
make a sequence of length L∗ in a set up to length N is given by [60]
RnL∗ = (L− 1) +
N∑
i=L+1
2 ∗ 2i−L. (1.17)
Thus for a set of sequences up to length n, the ratio between the number of ways to
make sequences of length L and sequences of length L+ 1 is
RnL
RnL+1
≈ 2. (1.18)
With these two facts in mind, we can ask the question, if there is a uniform
probability p that any given reaction is catalyzed by any given molecule, what is
the likelihood of finding an autocatalytic set within the set of reactions? This is a
particular type of percolation problem. Kauffman noted that the existence of an
autocatalytic set is effectively assured if most of the longest molecules are produced
by a catalyzed reaction. If that is was the case, the increased density of reactions
creating smaller molecules would assure that the rest of reactions needed to close the
set would also be catalyzed. These arguments led the the probability of not finding
an autocatalytic set,
P¯ = (1− p)(N−1)2N+1 (1.19)
P¯ ≈ exp (−p ∗ (N − 1)2N+1) . (1.20)
In the large polymer limit, Eqn 1.20 shows that the probability of catalysis p can be
made arbitrarily low and the appearance of autocatalytic sets is still assured. This
result was widely criticized by organic chemists and biochemists. They noted another
implication of this model was that the average number of of catalyzed reactions per
molecule grew exponentially with N , which is not observed in empirical data. This
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issue and almost every other complaint leveled at Kauffman’s original result have
been addressed and resolved [61–63], without negating the original conclusion.
Once it had been shown that these binary polymer models of chemical reaction
systems could in principle contain autocatalytic sets, the question became whether or
not such sets could engage in Darwinian evolution [56, 59, 64]. The evolvability of
autocatalytic sets has become the source of great confusion [64–66]. In an attempt to
understand the problem, Vasas et al constructed a kinetic model of the growth and
competition of autocatalytic sets based on the GARD model of Lancet et al [65]. They
imagined an ensemble of molecular species which could catalyze the production of other
molecules in the ensemble. The catalytic efficiency for each reaction was drawn from
a log-normal distribution known to model peptide catalysts. They then considered
the ensembles of molecules to be contained within many different compartments. The
total number of compartments was held constant throughout the experiment. When
the concentration of molecules in one of these compartments reached a critical value,
the compartments were split in two, at which point each molecule was transferred to
one of the two new compartments, since the total number of compartments was held
constant, one of the new ‘daughter’ compartments replaced the previous one and a
different random compartment was replaced by the other new daughter. This scheme
mimics the well known Moran Process, which models evolution [67]. The authors first
ran this simulation to determine the steady state abundances of different compositions
in the absence of a “fitness landscape.” With the control case established, they then
imposed a fitness advantage to a particular composition, by increasing the catalytic
rates in each compartment by fH(m), where H(m) was a measure of similarity to
a ‘master composition’, and f > 1. The authors claim that if these systems were
evolvable, the master composition would be more common in the selection experiment
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than in the control case [64]. They found that the changes in the distribution of
composition abundances were not statistically significant, which led them to claim
that this type of composition based inheritance was not evolvable [64].
To confuse matters, the very same authors published a paper almost exactly two
years later entitled, Evolution Before Genes, which claimed to elucidate the necessary
conditions for a system of catalyzed reactions to engage in Darwinian evolution [56].
In this model, the authors abandoned the previous GARD framework, and instead
adopted the binary polymer model proposed by Kuaffman. The authors tested the
evolvability of these networks by using the same Moran style selection experiments
as the previous paper. They found that some randomly generated binary polymer
reaction sets were capable of Darwinian evolution [64]. They posited that the ability of
networks to evolve was contingent on the presence of a particular kind of network motif,
which they labeled, viable cores. These viable cores are essentially small collections
of molecules where each molecule in the core is catalyzed by and catalyzes another
molecule in the core [56]. This is a stricter definition than the autocatalytic sets
proposed by Kauffman, in Kauffmans autocatalytic sets each molecule needed to be
catalyzed by another molecule in the set, but there could be many periphery reactions
which did not produce catalysts. Viable cores are the strongly connected components
of an autocatalytic set (see additional document 1) [56]. The authors argue that
the viable cores of the reaction network can act analogously to geneotypes while the
various periphery reactions can be viewed as distinct phenotypes [56]. They admit
that such a system would would have only a limited form of heredity, but that it
would be capable of evolution.
In chapter 4 I characterize the dynamics of an autocatalytic set based on a real
RNA system known as the Azoarcus ribozyme. This ribozyme is approximately 250
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nucleotides long, and when it is broken at 3 different points, it can reassemble itself.
The fragments of the Azoarcus form the substrates in a catalytic set. The assembled
ribozyme can catalyze its own formation as well as the assembly of mutants. Using
a model of this system I demonstrate how the energetic properties of Watson-Crick
pairing dictate the macroscopic features of the entire population. I show that the
real system is intrinsically bias towards promoting the emergence of the atuocatalytic
sets. This work is an example of how some of the organizational properties of living
systems may “come for free” from the properties of chemical systems.
While Kauffman’s original inspiration came from the notion of self-organization, the
emphasis of most work on autocatalytic sets and related concepts has been on the idea
that distributed systems of chemical reactions can be considered units of Darwinian
evolution. In spite of not emphasizing the replication of single genes, this school of
thought still assumes the process of Darwinian evolution as the explanation for the
complexity of the biosphere. However, there are some authors who have approached
the problem from a radically different perspective. This perspective views living
systems, first and fore most as non-equilibrium systems. Advocates of this position
tend to be a strange combination of physicists and geochemists [15, 21], although they
sometimes find support from evolutionary biologists [68]. This perspective does not
attempt to explain the complexity of the biosphere from Darwinian evolution alone,
but rather as the manifestation of many different kinds of collective phenomena.
A great example of this school of thought came from a collaboration between
condensed matter physicist Nigel Goldenfeld and famous evolutionary biologist Carl
Woese [69]. The premise of their work was to demonstrate that a non-Darwinian
mechanism could optimize the robustness of the genetic code. The genetic code is
universal to all organisms and it had previously been discovered that it was a nearly
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optimal error correcting code [31]. The non-Darwinian mechanism they employed
was based on the concept of horizontal gene transfer, which is a known to occur in
microbial communities [68]. The term horizontal is intended to be contrasted with the
more commonly understood mechanism of vertical gene transfer. While vertical gene
transfer passes genetic information down, through lineages of organisms, horizontal
gene transfer passes genetic information between lineages. Goldenfeld and Woese
demonstrated that a mechanism of horizontal gene transfer prior to the origin of
heredity would have outperformed a Darwinian system at such optimizing the genetic
code. The horizontal transfer of information prevented the genetic system from getting
trapped in metastable (sub-optimal) configurations [69]. Goldenfeld and Woese’s work
on the genetic code is an excellent example of how non-Darwinian processes can lead
to more complex phenomena. Indeed many other authors have begun to suggest that
other non-Darwinian means of increasing complexity should be explored [70, 71].
Another dramatic departure from the Darwinian paradigm comes from some work
by Harold Morowitz and Eric Smith [58]. In their paper Universality in Intermediate
Metabolisms, they posit that the reductive tricarboxylic acid cycle (rTCA) is a possible
primitive metabolic core. Their arguments are based several well established facts.
First, the rTCA is an anabolic cycle, meaning that it synthesizes larger organic
compounds from smaller ones. The rTCA is found universally throughout life on earth,
although in modern life most organisms use the process “in reverse,“ to gain energy
by breaking larger compounds into smaller one. The rTCA is an autocatalytic cycle
which is along a relaxation pathway for oxidation-reduction couples in disequilibrium.
This means that in a reducing environment the steps in the cycle proceed in the
thermodynamically favorable direction. It is generally accepted that the atmosphere
of the early earth would have extremely reducing. The rTCA produces the organic
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compounds which can be used to synthesize all known classes of biomolecules. Finally,
every reaction in the rTCA is first order in its reactants, meaning that it would
be reliable even in dilute solutions, which would have been the case prior to the
development of cellular compartments [58]. These facts taken together can be viewed
as evidence that the rTCA was a type of ordered geochemical process prior to its
incorporation into the biosphere. These arguments are perhaps the strongest arguments
in favor of viewing life as a non-equilibrium system. This perspective truly emphasizes
the thermodynamic and statistical features of living systems, not as consequences of
Darwinian evolution, but rather as enablers of Darwinian evolution.
1.4 Dissertation Outline
The proceeding discussion, while sprawling, serves to frame the context of the
remainder of this dissertation. In the next chapter, I will detail the history of the
term the living state and elaborate on its connection to advances in statistical physics.
I argue that the epistemological framework of statistical physics can be productively
applied in astrobiology. In chapter 3 I put this argument into action and demonstrate
the existence of a phase transition in a computational model of molecular replication.
In chapter 4 I develop a computational model of the Azoarcus ribozyme, and I use that
model to identify the microscopic properties of the real system drive the macroscopic
properties observed in the lab. In chapter 5 I develop a model of non-enzymatic
replication in which mutation rates are dynamically coupled to a changing environment.
Using this model I demonstrate that replicators which modify their environmental
condition are able to transmit information reliably in the face of high mutation rates.
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I conclude with a discussion of the future of origin of life research and how the results
of this dissertation fit into that future.
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Chapter 2
THE MEANING OF THE LIVING STATE
2.1 Introduction
Astrobiology is the study of life in the universe [6]. However, in spite of rigorous
debate, the astrobiology community does not have an agreed upon definition of life
[35, 36]. To make progress in the face of this conceptual issue, astrobiologists focus
on specific properties of living systems, such as replication or cellular respiration
[12, 19]. This has allowed researchers to make progress in limited domains, such as
characterizing the emergence of Darwinian evolution, or quantifying the detectability
of biosignatures [17, 72]. Unfortunately, without a consistent definition of life, there is
no clear way to integrate the progress from these domains into a better understanding
of life in the universe or its origin on Earth. Here I elaborate on the emerging concept
of the living state, which may provide a framework to enable such integration.
References to a living state, can be found throughout origin of life and astrobiology
science [16, 21, 55, 70, 73, 74]. For different authors, the living state often has different
meanings and connotations associated with it. For some, this term appears to be a
convenient linguistic tool, used to describe the phenomena associated with biology
[55, 70]. For others, this concept is intended to characterize life as a unique class of
non-equilibrium processes [16, 21].
Perhaps the earliest mention of the living state, was by the Nobel Laureate
biochemist, Albert Szent-Gyorgyi. In 1941, he wrote two very similar manuscripts,
one for Nature and one for Science [73, 74]. In both he argues that to make progress
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biochemists must probe the submolecular structure of biomolecules [73, 74]. In
particular, he drew inspiration from the electronic properties of crystals and semi-
conductors which were just becoming clear thanks to advances in statistical and
condensed matter physics [73, 75]. Szent-Gyorgyi was struck by the collective behavior
of electrons in semi-conductors, and hypothesized that similar principles were at play
in the function of biomolecules [73, 75, 76]. He suggested that the deepest mysteries
in biochemistry would only be explained by appealing to submolecular considerations.
He went on to posit that certain features of the living state may be consequences
of quantum mechanical laws [73, 74]. For Szent-Gyorgyi the living state could be
distinguished from non-living state based on the collective behavior of electrons.
Interestingly, he rejected this idea later in this career but it has recently seen renewed
interest from other researchers [77, 78].
Since this first use by Albert Szent-Gyorgyi, the term has been used by many more
authors [16, 21, 55, 70]. Most of these authors use the living state when discussing the
origin of life on Earth. These authors chose to investigate the origin of the living state
rather than the origin of living cells, or organisms. The adoption of this term may be
due to the realization that the ‘atoms’ of biology, cannot exist in isolation, physically
or conceptually [79]. The description of living systems requires a specification of
a macroscopic (or at least mesoscopic) system, which not only contains individual
components (such as cells or organism) but also the nature of their interactions and
their environment [79]. Therefore, the living state, is used to refer to the essential
features of biological processes which are not strictly contained within individual
objects, but rather, manifest in the interactions between objects.
This use of the term can be found in a review of the progress on the RNA world
hypothesis by Higgs and Lehman [55]. The RNA world posits that RNA played a
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crucial role in origin and early evolution of life on Earth [13]. In an RNA world scenario
RNA molecules are assumed to have been, at some point, the primary information
carrying molecules required for primitive genetics, as well as the primary enzymatic
molecules required for primitive metabolisms. In [55] the authors describe the evidence
for an RNA world as well as the processes which would be required for it to exist.
They report progress on RNA nucleotide synthesis, describe various models of RNA
polymerization, and explore the concept of molecular cooperation [55]. In that review
the authors define the living state to mean a state of the world in which the processes of
enzymatic nucleotide synthesis, polymerization and recombination are coordinated in
a such a way that RNA molecules are reliably and robustly produced. This living state
is contrasted to the dead state where all those processes may exist in an uncoordinated
or unorganized manner (see specifically box 3) [55]. Thus these authors use the living
state to identify the global scale organization necessary for the persistence of the RNA
world.
Other researchers have used the concept of the living state, to explicitly place
biological phenomena within the epistemological scope of statistical physics [21, 58].
This conception of the living state may enable astrobiologists to integrate progress from
different disciplinary perspectives into a quantitative theory of life. Living systems are
influenced by many different processes, such as geological, geochemical, atmospheric,
and astronomical processes [15, 80–82]. Understanding biological organization through
the lens of the living state doesn’t attempt to reduce all of these processes to physics,
but rather generalizes the approach of statistical physics to accommodate the diversity
of phenomena seen in the biosphere. To understand how the tools of statistical physics
can be used in this way, it is important to understand the history of that field.
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2.2 A Brief Synopsis of Statistical Physics
The goal of statistical physics is to reconcile the microscopic behavior of atoms
or molecules, with the macroscopic properties of materials. In the late 19th century
the foundations of statistical mechanics were developed by Ludwig Boltzmann, Josiah
Willard Gibbs, and James Clerk Maxwell [83]. At the time, the laws of thermodynamics
were still being established but the primacy of thermodynamic descriptions of natural
and artificial systems were widely accepted [83]. By contrast, there were still debates
about the legitimacy of atomic theory [83]. Boltzmann’s goal was to advance atomic
theory by showing it was consistent with the known laws of thermodynamics [83].
To that end, Boltzmann calculated the average properties of particles interacting
according to Newtonian mechanics. By taking the limit where the number of particles
gets very large, Boltzmann proved that his formalism reproduced the second law of
thermodynamics. In essence he demonstrated that the second law of thermodynamics
was a statistically guaranteed consequence of Newton’s laws of motion applied to
a very large number of particles. This was the first explicit demonstration that a
macroscopic theory (thermodynamics) could emerge from coarse-graining (in this case
by averaging) a microscopic theory (Newtonian Mechanics).
The emergence of a macroscopic theory from a microscopic theory can be under-
stood from the example of the ideal gas law. Gases are composed of a very large
number of molecules. Each one of those molecules obeys Newton’s laws of motion and
therefore can be described by its velocity and position. If the number of particles in the
gas is N, the number of parameters required to describe the gas using Newton’s laws
would be 6N, because each molecule has components of its velocity in 3 dimensions,
similarly for it’s position. For any large number of particles the information required
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to describe the dynamical properties of a gas could become huge. However, it turns out
that as a larger and larger number of particles are considered, the statistical properties
of the gas become highly constrained [49]. These statistical constraints guarantee that
the system will have certain features [49]. In the case of gases, those features are the
pressure, temperature, and volume of the gas. In the thermodynamic limit, where the
number of molecules goes to an arbitrarily large number, these features completely
characterize the entire gas system [48].
By the early 20th century, atomic theory was widely accepted, thanks in part
to Boltzmann and the development of quantum mechanics [75]. Around this time,
research in statistical physics became organized around the concept of phase transitions
[75, 84]. Some examples of phase transitions are the familiar phenomena of the melting
of solid materials and the evaporation of liquids. Prior to the development of statistical
physics, certain features of phase transitions were well understood phenomenologically
[75]. For example, it was well known that pure metals had very specific melting
points, thanks to the many industrial uses of metallurgy. However, experimental and
theoretical interests in phase transitions were reinvigorated in the 1930s thanks to the
discovery of superfluid helium and superconducting metals [75]. While the foundations
of statistical mechanics and thermochemistry provided by Boltzmann and Gibbs had
demonstrated that microscopic laws of motion acting on Newtonian particles could
give rise to the macroscopic properties of materials, the study of phase transitions
attempted to understand how the same microscopic laws applied to the same particles
could give rise to such a diversity of macroscopic phenomena [85]. How was it that
water molecules, subjected to the same microscopic laws of physics could collectively
exhibit the properties of a solid, liquid or gas?The empirical facts provided by new
phases of matter would elude theoretical explanation for most of the century [75, 86].
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Quantum mechanics had provided a description of single (or few) electrons and
their interaction with hydrogen nuclei, but these new phases of matter presented novel
patterns in large systems with many electrons. These phenomena were some of the
first examples of collective behavior in physics [86]. Understanding these processes
required a set of theoretical tools known as the Renormalization Group (RG) [86].
The RG was developed simultaneously in statistical physics and quantum field theory
[84, 86]. Initially these techniques were implemented in an ad-hoc manner in order to
deal with infinities which emerged in quantum field theories. However, the subsequent
formalization of RG thanks to Freeman Dyson and later Kenneth Wilson demonstrated
that RG techniques need not be ad-hoc. The modern understanding of the RG is that
it represents a set of tools to describe how different theories transform into each other
when viewed from different perspectives [84–86].
Distinct states of matter emerge from similar microscopic systems because the
collective behavior of the microscopic parts changes as larger and larger systems are
considered [85, 86]. For example, the key difference between steam and liquid water is
that individual molecules in steam have velocities seemingly independent from one
another, whereas in the liquid state they are strongly correlated. This difference is
not obvious at the microscopic scale. When observing a single molecule, whether
in the gas or liquid its motion will be correlated with the other molecules nearby,
due to inter-molecular forces. However as you consider more particles, the effect
of this correlation tends towards zero in the gas because particles rarely interact in
gases, due to their low density. Meanwhile in the liquid, with its higher density and
therefore the higher interaction frequency, the effect of these correlations tends to
increase. This qualitative difference (between zero and non-zero correlation) emerges
as a consequence of quantitative differences in the microscopic dynamics, and is
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responsible for the different macroscopic properties of the two phases [85]. In the
study of phase transitions, these qualitative differences are usually tracked using order
parameters, which are macroscopic properties that distinguish between different states.
Usually order parameters will take on a value of zero in one phase and a non-zero
value in the other [84, 86].
The history of statistical mechanics is a story of reconciling different descriptions
of nature. Equilibrium statistical mechanics was successful because Boltzmann demon-
strated that the laws of thermodynamics emerge as a consequence of the dynamics of
many-particle systems [83, 85]. Those properties which are statistically guaranteed by
the microscopic dynamics end up defining thermal states at the macroscopic scale [49,
86]. The renormalization group demonstrated how systems with similar microscopic
dynamics can result in different macroscopic states by formalizing how descriptions
of those microscopic dynamics change as they are probed at different sizes or scales
[85]. In summary, as a scientific enterprise, statistical physics in the 20th century
provided answers to two very general questions [85], 1) What are statistically guaran-
teed consequences of a given set of dynamics, and 2) under what circumstances do
those consequences change? As a conceptual framework, the living state attempts to
leverage these theoretical advances to integrate progress from many different fields
into a coherent theory of living systems.
2.3 Life as a state of matter
Using the theoretical approach of statistical physics to investigate biological
phenomena provides an opportunity to reconceptualize our understanding of biology.
The notion of the living state emerges in the attempt to realize that theoretical
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approach. The living state is defined by the collection of all statistically guaranteed
properties associated with the biosphere, in the same way that the gaseous state is
defined by the pressure, temperature and volume of the container. Adopting this view
doesn’t necessarily propose a definition of life, but rather a description of the features
of life on Earth which are relevant at the large scale. This prospective has led many
researchers to re-evaluate established empirical data, as in [58], and it has led to new
scientific questions [87, 88].
In the study of thermal states, the relevant properties emerge as the number
of particles approaches 1023 (one mole). It is still not clear how to determine the
appropriately “large” scale at which the relevant features of the living state emerge.
Biologists study living systems at a number of different length and energy scales,
from the molecular to ecological. Recent advances in DNA sequencing, metagenomic
analysis and information sciences have enabled scientists to develop databases which
span all of these scales [87]. These global databases have opened the possibility of
studying life on Earth at the scale of the entire biosphere [21, 87, 89–91]. These
studies have led some authors to suggest that the relevant features of the living state
only emerge at the scale of the entire planet.
This view represents a radical departure from from many traditional perspectives
in biology [92]. For example, in [89] Falkowski et al, argue that one the of the most
important features of the living state is the way in which it facilitates global scale
cycling of material and energy by interacting with geological and atmospheric processes
[89]. They argue that these processes emerge not due to the dynamics of individual
organism or even species. Instead they suggest that horizontal gene transfer is one
of the key dynamical processes which statistically guarantees those features of the
biosphere [89]. Prioritizing the role of horizontal gene transfer stands in stark contrast
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to most work in the biology, which emphasizes the role of evolutionary dynamics by
vertical descent in shaping the relevant features of living systems [33, 92].
While some researchers have suggested that the defining characteristics of the living
state emerge at the scale of the biosphere, others (including myself) have suggested
that the defining features of the living state emerge at many scales, not just one [5,
87]. We recently demonstrated this concept using biochemical reaction networks,
which were constructed using genomic data [87]. We analyzed over 28,000 networks
across three different scales of organization. We used individual genomes to construct
networks for organisms, metagenomes to construct networks for ecosystems, and
every known biochemical reaction to construct a network for the entire biosphere. By
comparing the statistical features of these networks, we found that they shared certain
properties which could not be explained simply by the shared rules of biochemistry
[87]. These features appeared in genomes from different evolutionary domains, in
metagenomes from different environments, and in the biosphere as a whole. The
ubiquity of these features suggest that there may be underlying dynamical laws out of
which these emerge as a statistical guarantee.
As the essential features of the living state are better characterized and understood
they will help inform our understanding of the origin of life. In the context of the
living state, the origin of life has a natural interpretation as a phase transition [21, 88].
Just as in thermal states where the laws of physics are the same for molecules in a
gas or a liquid, the laws of organic chemistry are the same for carbon in the living
state or in the non-living state, but the macroscopic consequences of those laws are
very different. Understanding how these macroscopic differences manifest will require
identifying the relevant order parameters for distinguishing the living and non-living
states.
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Contemporary research in the origin of life suggest a few candidate order parameters
[21, 88]. Smith and Morowitz have argued extensively that the origin of life on
Earth emerged as a response to planetary scale disequilibria [21]. This chemical
disequilibria is due to the extremely different oxidation states of the Earth’s mantle
and atmosphere, where the relatively reduced mantle is much richer in electrons
than the relatively oxidized atmosphere. They argue the biosphere dissipates this
disequilibria by facilitating the flow of electrons from reduced sources in the mantle to
oxidized sinks in the ocean and atmosphere. Accordingly, they suggest that the flow
of electrons through organic carbon may be a key order parameter for the living state
[21]. This conclusion is remarkably similar to Szent-Gyorgyi’s original hypothesis that
the collective behavior of electron is responsible for the living state.
In my own work I have demonstrated that the origin of life-like properties may
be effectively tracked using information theoretic quantities [88]. We developed
a chemical kinetic model of primitive replicators which are strongly coupled to a
dynamic environment. In that model we observed two stable states, which dynamically
emerged. In the first state, labelled the non-life state, few replicators exist, and they
are not selected according to their fitness. By contrast, the life state is dominated by
replicators that were dynamically selected according to their fitness. To characterize
the relationship between replicators and their environment we employed mutual
information, which is a non-linear measure of correlations. We saw that the transition
from the non-life to life state was tracked by these correlations, consistent with the
idea that the living state is characterized more by the relationship between individual
components rather than the components themselves [88].
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2.4 Conclusion
Both features of the biosphere discussed here- life’s interface with geochemical
processes and the universal features of biochemical networks- may be independent of
the particular details of terrestrial biochemistry alone. Any living system would be
expected to interface with it’s planetary environment, and the universal features of
biochemical networks can not be explained by their shared biochemistry. Similarly,
the two candidate order parameters for the living state discussed here do not require
specific information about life on Earth. Accordingly, these features should be of great
interest to astrobiologists who seek to understand life as it could be, not life as it
is on Earth. The key to understanding the relevance of these features to biological
organization lies in viewing life as a state of matter.
The living state is defined by the collection of statistically guaranteed properties
associated with the biosphere. This concept emerges when scientists attempt to apply
theoretical concepts from the field of statistical physics to characterize biological
systems. Adopting this prospective leads to new scientific hypotheses regarding the
nature of life on Earth as well as it’s origins. These new research directions assume
that “life” is a phenomena that manifests at a macroscopic scale and attempt to
identify the key parameters characterizing that phenomena. These features may be
independent of particulars of Earth life’s chemistry and would therefore be useful in
guiding searches for life beyond our planet. Thus, the concept of the living state may
prove fundamental in the future of astrobiology.
34
Chapter 3
THE EMERGENCE OF LIFE AS A FIRST ORDER PHASE TRANSITION
This chapter was written in collaboration with Dr Tanmoy Bhattacharya and Dr Sara
Imari Walker. It published in Astrobiology in 2017 [88]
3.1 Abstract
We demonstrate a first-order phase transition from non-life to life, defined as
non-replicating and replicating systems respectively, and characterize some of its
dynamical properties. The model differs from those described previously in that we
explicitly couple replicators to their environment through the recycling of a finite
supply of resources. Correspondingly, we find that the environment plays an active role
in the dynamics of the transition. The phase transition corresponds to a redistribution
of matter in replicators and their environment, driven by selection on replicators.
In the absence of successfully repartitioning system resources, the transition fails to
complete, leading to the possibility of many frustrated trials before life first emerges.
The mutual information shared between replicators and environment accurately tracks
the progress of the phase transition. The phase transition is marked by a sequence
of abrupt transitions whereby replicators become increasingly distinct from their
environment. Often, the replicators that nucleate the transition in the non-life phase
are not those that are ultimately selected in the life phase. During the phase transition
the system experiences an explosive growth in diversity. We discuss the implications
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of these results for understanding life’s emergence and evolutionary transitions more
broadly.
3.2 Introduction
Life is a state of matter characterized by stable patterns of non-equilibrium behavior.
It has been suggested that dynamics of self-replication and/or autocatalysis are
responsible for the persistence of such far-from-equilibrium patterns [93], a phenomena
known as dynamic kinetic stability (DKS). Accordingly, numerous theoretical studies
have focused on the emergence of the first replicators, including identifying the
conditions under which replicators can be selected. Of note is the transition from
“pre-life” to “life” observed by Nowak and collaborators, where pre-life is defined as a
generative chemistry with no replication, to be contrasted with life, which replicates
and evolves [17, 42, 94]. By tuning model parameters in those studies a transition
from ordinary, thermodynamic stability to DKS is observed to occur. Similar features
have been noted by Wu et al. [43, 95] and others [93]. While these studies have
posited necessary conditions for this transition to occur, it is unclear what sufficient
conditions are required for a system to prefer DKS over thermodynamic stability.
It is well known that natural selection acting on replicators can have important
geochemical consequences [96]. We therefore propose that a complete understanding
of this transition requires a description of what effect primitive replicators can have
on the chemical environment which generated them.
In the present study, we demonstrate a spontaneous, first-order phase transition
from non-life to life, defined as non-replicating and replicating systems respectively.
Further, we establish the essential role of dynamic environmental conditions in defining
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the properties of this transition. A prominent feature of prebiotic chemistry, as
evidenced by more than sixty years of experiments in prebiotic synthesis, is that it
is difficult to abiotically synthesize biomolecules with high yield under early Earth
conditions [14]. Accordingly, we regard resource limitation to be a common, and
likely important, feature of prebiotic environments. Indeed, previous studies have
indicated that finite resources could have been an important factor in driving the
emergence of life [18, 97–99]. We therefore consider a model prebiotic chemistry with
a finite supply of monomers, which must be recycled through polymer degradation to
replenish resources available for synthesis of new polymers. We note that the majority
of theoretical models for the emergence of replicators, by contrast, implement reactor
flows with a constant flux of monomers into the system and removal of chemical species
via dilution (see e.g. [17, 39, 95]). We are motivated by empirical evidence that
recycling, mediated by coupled polymerization and degradation reactions, may have
been an important mechanism driving the early evolution of biopolymers [100–102].
The explicit incorporation of non-linear feedback between environment and replicators
via degradative recycling presented here therefore distinguishes our computational
model from most studied previously.
The environmental feedback drives the most notable feature of this model, the
transition corresponds to a redistribution of matter in replicators and the environment.
This redistribution of matter can be tracked by measuring mutual information shared
between replicators and environment. The transition has a higher probability to
occur when replicators and environment share relatively high mutual information.
Selection on the fitness of replicators, including their replicative efficiency and stability
as studied here, occurs only in the life phase. The first replicator(s) that appear
typically match the bulk composition of their environment. Since the composition of
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the environment does not in general match that of “fit” replicators (the environment
is not fine-tuned for life), the replicators that nucleate the transition in the non-life
phase are often not those that are ultimately selected in the life phase. Due to resource
constraints the phase transition proceeds through a sequence of abrupt transitions
whereby the composition of replicators becomes increasingly distinct from that of
their environment. During the phase transition the system experiences an explosive
growth in diversity, and concomitantly a massive extinction of extant chemical species
to accommodate restructuring driven by the selection on replicators. Extant diversity
and the rate of exploration of novel diversity is higher after the transition than before.
In the absence of successfully repartitioning system resources, the transition fails to
complete, leading to the possibility of many frustrated trials before life first emerges.
This feature suggests that presence replicating entities is a necessary but not sufficient
condition for a dynamical system to support DKS. A further requirement may be a
dynamic, and malleable environment. We discuss the implications of these results for
understanding the emergence of life and evolutionary transitions more broadly.
3.3 Methods
3.3.1 Model Description and Motivation
We model the emergence of replicators in an artificial prebiotic chemistry consisting
of two monomer types denoted by ‘0’ and ‘1’. Polymerization occurs via addition of
monomers to the end of growing strings. Sequences can degrade into shorter sequences,
which can occur at any bond within a given sequence with equal probability. We
assume that the inverse process of two short but non-monomeric sequences ligating to
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produce a longer polymer is sufficiently rare to be neglected. Sequences of length L ≥ r
can self-replicate. This minimal replicator length approximates a minimal complexity
for self-replication in our simplified model, and provides a clear distinction between
replicators (sequences of length r or greater), and their environment (sequences of
any length shorter than r). We note that the properties reported here are general and
qualitatively similar for any r, where r primarily determines the relative timescale for
discovering replicators, and thus for the phase transition to occur (described below).
In this study, we set r = 7, such that the appearance of the first replicators is rare,
but not so rare that we never observe it [95]. We expect that changing r will change
the timescale of the transition but will not qualitatively effect the results presented
here.
In the absence of an imposed fitness landscape (defined below), the properties of
our chemistry are fully specified by the rate constants kp, kd and kr for polymerization,
degradation and replication, respectively. We regard these parameters, along with
the abundances of ’0’ and ’1’ monomers, as fully specifying the prebiotic environment
in our model chemistry. Thus, for example, a difference in temperature defining
two different prebiotic environments would correspond in our system to simulations
conducted with two different kd values, that is, if temperature affects the degradation
rate of polymers for the particular chemistry of interest (e.g. which might perhaps
depend on the backbone chemistry of biopolymers, see [18] for discussion).
Since we are interested in the dynamics of replication in this work, and specifically
the transition from non-life to life, we do not include the effects of mutation, which
is well known to play an important role in evolution once life has already emerged
[19]. Therefore a simplification in our model is that replication only functions to copy
extant sequences, and does not produce any novelty. Novelty is introduced through
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the prebiotic processes of polymerization and degradation. As long as mutations also
obey the principles of resource constraints, we expect that their primary effect would
be to increase the search rate for replicator(s) that match their environment, which,
as we discuss below, nucleates the phase transition described here.
Simulations were implemented using a kinetic Monte Carlo algorithm [103, 104].
For more detailed discussion of the implementation of that algorithm in prebiotic recy-
cling chemistries we refer the reader to [18] or [101]. In what follows, the polymerization,
degradation, and replication rate constants were set to kp = 0.0005, kd = 0.5000, and
kr = 0.0050 respectively, and the system was initialized with 500 monomers each of ‘0’
and ‘1’ with no polymers present, unless otherwise noted. It is important to note that
since this is a closed system, the initial conditions specify the bulk composition of the
system for all time.
3.3.2 Two Fitness Landscapes: Static and Dynamic
To explicitly couple the properties of replicators to that of their environment, we
model the fitness of replicators as determined by two factors:
1. a static fitness associated with a trade-off between stability and replicative
efficiency intrinsic to individual replicators , and
2. a dynamic fitness associated with resource availability in the environment .
The first introduces a non-dynamic component of the fitness landscape associated
with the properties of individual replicators that is a common feature of origin of life
models. The latter environmentally-dictated fitness is dynamic and a unique feature
of the resource-dependent replication model presented here (see also [18] or [101]).
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3.3.2.1 Static Fitness.
The trade-off between stability and replicative efficiency of sequences captures
features of nucleic acid systems believed to play an important role in early evolution—
in particular that molecules that fold well are typically not good templates and
conversely that good templates often do not fold well and are thus less resistant to
degradation [20, 105]. The mathematical form this trade-off implemented here is
inspired by that of [105], in that we encode both the stability and replicative efficiency
of replicators utilizing a sigmoid function:
f(n) = 0.5 +
n2
2(10 + n2)
. (3.1)
The replicative fitness of a sequence xi with length L is quantified by scaling its
replication rate by 1+f(zeros(xi)). Similarly, the stability of sequence xi is determined
by scaling the degradation rate by 1 − f(ones(xi)). Thus, for sequences of a given
length L ≥ 7, the homogeneous string of ‘1’s is the most stable sequence of that
length, the homogeneous string of ‘0’s is the fastest replicator, and sequences with a
roughly equal number of ‘0’s and ‘1’s best balance stability with replicative efficiency.
This landscape is constructed to reflect two features we regard as important to the
generally unknown shape of biopolymer fitness landscapes: the fittest sequences are
much rarer than less fit sequences and their composition is not necessarily reflective of
the bulk composition of their environment. Sequences with L < 7 do not replicate, so
only the stability landscape is relevant for short sequences. This trade-off establishes
a fitness landscape intrinsic to a polymer’s specific sequence composition that is fixed
within a given environmental context.
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3.3.2.2 Dynamic Fitness.
Replication rates are also dynamically determined by the availability of free
monomers in the environment. The replication rate for sequence xi is weighted by a
factor
∑L−1
ni
yniyni+1, where yn is the abundance of the monomer species at position
n in sequence xi. This term yields a resource-dependent replication rate that is also
sequence dependent, similar to that implemented by one of us (SIW) in [101] where
analogous dynamics to the phase transition reported herein were observed, although
not characterized as such. The functional form of the resource dependence is an
approximation intended to model nucleation of the first bond formed on a template
as the rate-limiting step, while simultaneously capturing sequence information by
summing over all possible nucleation events on the template, as introduced in [101].
Thus, in our model the replication rate of a given sequence xi depends in part on how
well its sequence composition matches the relative abundances of ‘0’ and ‘1’ monomers
in the environment. Since the abundances of ‘0’ and ‘1’ monomers change over time
as monomers are consumed via polymerization and replication and generated via
degradation, this creates an environmentally dictated fitness landscape that is a central
feature of any resource-constrained dynamics. We expect qualitative features of the
dynamics observed here to be a general feature of sequence-specific resource-dependent
replication that does not depend specifically on the form of dynamic landscape chosen
for this study and will be qualitatively similar for other replicator models where
stoichiometry plays a role in setting the efficiency of replication.
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Figure 2. Ensemble averaged compositions of all sequences with L ≤ 7. The
distributions in the top-panel characterize the non-life phase, and the bottom-panel
characterize the life phase. Data is averaged over 100 simulations.
3.3.3 Mutual Information as a Measure of the Transition from Non-life to Life
To characterize the dynamics of the phase transition, we employ mutual information,
a common tool in information theory, which measures the mutual dependence of two
variables within a dynamic time series. We use mutual information to measure the
extent to which the composition replicators is determined by their environment, and
visa-versa. We define the sets R and E which contain ordered pairs that track the
number of zeros and number of ones in both replicators (R) and in free monomers in
the environment (E), allowing us to measure I(R : E).
3.4 Results
3.4.1 Non-life and Life
Two long-lived states are observed in our model: “non-life” and “life”, which are
dominated by polymerization and replication, respectively. While the non-life phase
here shares features in common with “pre-life” as previously characterized [17], it also
has some striking differences. We therefore use “non-life” rather than “pre-life” as it
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Figure 3. Top: Time series showing the mutual information between extant replicator
composition and the environment. The phase transition is clearly evident in the
abrupt shift from I(R;E) ∼ 2.5 in the non-life phase to I(R;E) ∼ 0 in the life phase
at t ∼ 5500. Also evident are several failed transitions, including one that nearly runs
to completion before reverting back to the non-life phase near t ∼ 3000. Bottom: The
frequency of successful phase transitions plotted against the difference between the
distribution of free monomers and replicator composition, for an ensemble statistic of
256 simulations.
does not imply life will inevitably emerge since in our system many transitions fail to
complete.
In the non-life phase, long sequences are exponentially rare, and the majority
of system mass is in monomers and dimers (not shown). Sequences of all lengths
have relatively similar composition, as shown in Fig. 2. The composition of extant
polymers is reflective of the abiotic availability of resources and the stability landscape
established by Eq. 3.1. In contrast to other models [17, 43, 93], here replicators
exist in the non-life phase, albeit at exponentially low abundance. However, selection
on replication cannot overcome environmental constraints. Replicators in non-life
are not the most fit in terms of stability or replicative efficiency (e.g. homogenous
‘0’ or ‘1’ sequences, respectively) but instead are predominately heterogenous with
compositions determined by the bulk distribution of resources (right, top panel in
Fig. 2).
In the life phase, the symmetry of the environment, constituting an equal number
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of ‘0’ and ‘1’ monomers, is broken in the composition of replicators due to selection
on the static fitness landscape, a feature which is not observed for non-life (compare
L = 7 compositions, Fig. 2). In the life phase, replicators are primarily homogeneous
’1’s or ’0’s. The asymmetry imposed by selection on replicators is exported to shorter
sequences, which have the opposite compositional signature than that of the replicators.
The compositional reversal is seen only below L = 6. Although L = 6 sequences
cannot replicate, they are formed primarily via degradation of L = 7 replicators and
thus their formation is dominated by templated assembly. In the life phase, we observe
that replicators are selected based on their intrinsic fitness and not strictly their
composition. The defining feature of the life phase is therefore not necessarily the
presence of replicators, which exist in both phases. Instead, the defining characteristic
of “life” in this model is that the distribution of resources is dictated by selection on
the properties of replicators.
3.4.2 A First Order Phase Transition from Non-life to Life
For fixed values of kp, kd and kr, the system exhibits a spontaneous and abrupt
phase transition from non-life to life (no external tuning), as shown in Fig. 3. The time
of transition is exponentially distributed (not shown), indicative that the transition is
first order [84]. Often there are many frustrated transitions prior to a successful phase
transition (top, Fig. 3). The frequency that the transition will occur is dependent
on how well the composition of the replicator(s) matches the environment (bottom,
Fig. 3). This result is distinct from other models that do not account for environmental
feedback [17, 95] – here the transition is not coincident with the first ‘discovery’ of
a sequence capable of replication, since replicators exist in non-life. Instead, the
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Figure 4. Phase trajectory for an ensemble of 100 systems transitioning from non-life
to life, moving from left to right. Axes are the mutual information I(R;E) between
replicators and environment (x axis) and the ratio of formation (polymerization and
replication) to degradation rates (y axis).
transition occurs when the dynamic fitness of replicators is high, as occurs when the
composition of replicators and environment synchronize their composition. In our
example, since both monomer species are equally abundant in the initial distribution
of resources, the nucleation event is typically mediated by heterogeneous replicator(s)
composed of a roughly equal number of ‘0’s and ‘1’s. These are not the sequences
that are ultimately selected in the life phase, which include the homogeneous, fit
sequences. Thus, in resource-limited models like ours, the replicator(s) that nucleates
the transition will often not be that which is ultimately selected.
However, just as in models without resource restrictions, selection ultimately leads
to the fixation of fit sequences. The transition is accurately tracked by measuring
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Figure 5. Time series for the extant species population size and total number of
sequences explored by the system. Linear fits to the explored species are shown. The
exploration rate is 75% faster during the life phase compared to the non- life phase,
and is 2 orders of magnitude larger during the transition.
the mutual information I(R;E) between the composition of extant replicators and
free monomer resources (top panel, Fig. 3). Prior to the transition, replicators and
monomers share a high degree of mutual information and the composition of replicators
generally matches that of their environment. However, once life emerges and selection
reconstitutes the allocation of resources, replicators no longer match the information
content of the environment and I(R;E)→ 0 with small fluctuations. This behavior
clearly illustrates how environmental (dynamic) selection, with a high degree of mutual
information between environment and replicators dominates in the non-life phase,
whereas functional (static) selection, which is not dependent on the information
content of the environment, dominates in the life phase.
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An interesting feature of this phase transition is that, due to resource constraints,
the selection of replicators coincides with dynamic restructuring of the environment
(including both monomer and non-replicating (L < 7) sequence populations, see e.g.
Fig. 2). Fig. 4 shows an ensemble averaged phase space trajectory through this
restructuring, which shows that the phase transition moving from non-life to life
equilibria is highly unstable and dominated by degradation. In both the non-life
and life phases, polymer formation rates (polymerization and replication) balance
rates for polymer degradation, with ratios of formation/degradation ∼ 1. However,
the life and non-life phases are clearly distinguished in phase space by very different
values for the mutual information: I(R;E) ∼ 3.0 for non-life and I(R;E) ∼ 0.25 for
life, for results in Fig. 4 (see also time series with different model parameters, top
Fig. 3). The rampant degradation through the phase transition results in a rapid and
dramatic restructuring of the extant polymer population and a steep slope in the rate
of sequence exploration, as observed in Fig. 5. The extant diversity and the rate of
introduction of new sequences are both higher in the life phase than the non-life phase
(Fig. 5), attributable to the higher turnover rate of resources in the life phase (due to
the higher assembly rate of polymers via replication).
Shown in Fig. 6 is the time evolution for all sequences with L = 7, binned by
sequence composition, for a set of parameters where the transition is prolonged enough
to resolve details of the restructuring. Resources constraints enforce selection of
sequences in complementary pairs that maintain the symmetry of the bulk resource
distribution of the environment (50% ‘0’s and 50% ‘1’s). The system subsequently
undergoes a series of abrupt transitions associated with increasing sequence homo-
geneity, where replicator composition increasingly breaks the symmetries imposed
by the environment. The asymmetry introduced by replicators is exported to their
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Figure 6. Series of symmetry breaking transitions in the selection of fit, homogeneous
’0’ and ’1’ length L = 7 replicators. Here, the subscript denotes the number of ’1’
monomers in the sequence ( e.g. x0 contains no ‘1’s, x1 bins all polymers with a
single ’1’ monomer in their sequence, and x7 contains all ’1’s). Parameters are
kp = 0.0005, kd = 0.9000, and kr = 1.000.
environment, as evidenced by the compositions of shorter sequences L < 7 and the
distribution of monomers (see e.g. Fig. 2).
3.4.3 The Timescale for Life’s Emergence
The phase transition from non-life to life described here is a robust feature of the
dynamics, observed over a large range of parameters values with qualitatively similar
features. Quantitative differences arise in the final abundances of replicators and
in the timescale for the transition to occur, which are both sensitive to the specific
details of the prebiotic chemistry under consideration. Fig. 7 shows the average time
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to complete the phase transition as a function of the degradation and replication rate
constants, kd and kr, which as noted earlier may be viewed as specifying different
environmental contexts within which life might emerge. For the results presented,
the transition was identified as complete when 75% of the total replicating mass was
allocated in homogeneous (fit) sequences.
One might a priori expect the transition to be most rapid (favored) for fast
replication (high kr) and slow degradation (low kd), however this is not what is
observed. For high degradation rate kd = 5.0, the time to the transition is largely
independent of kr (top panel, Fig. 7). Lowering the degradation rate (kd = 1.0 and
kd = 0.5, bottom two panels in Fig. 7) increases the dependence of the transition time
on kr, which, on average, occurs most rapidly for relatively low kr. This counterintuitive
behavior arises as a result of the resource constraints. For high degradation rates,
there is a high rate of turnover increasing the likelihood of discovering functionally
fit sequences, but the probability of survival is low, so the transition time is long
regardless of replicative efficiency. For lower degradation rates, high replication rates
lock resources in less fit sequences, frustrating the system’s restructuring, also leading
to long transition times.
The rate of degradative recycling seems to be the primary factor in determining
the transition timescale. Fig. 8 shows the transition time observed for different abiotic
resources abundances, quantified by the ratio R of the total number of ’1’ monomers
to total system mass. The transition timescale is not expected to be symmetric with
respect to the relative abundance of ’0’ and ’1’ monomers. For large values of R
(environments rich in ’0’ monomers that confer stability), where recycling is inherently
slower, the average transition time may be much longer than in environments with
fewer stable polymers. Our data supports this expectation although the variation in
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Figure 7. Timescale for completing the phase transition as a function of reaction rate
constants for replication kr. Data from 25 simulations is shown, all data points are
included in the box and whisker plots. The center line for each distribution is the
median, the boxes contain half the data points and the bars show the range. Three
values of the degradation rate constant kd are shown, 5.0 (blue), 1.0 (purple), 0.5
(green)
transition times is large. These features suggest that environments which engender
degradative recycling at a moderate rate may be the most conducive to nucleating
the origin of life under resource-limited conditions.
51
Figure 8. Timescale for completing the phase transition as a function of the abiotic
distribution of resources. Here, the parameter R is the ratio of ’1’ monomers (which
confer stability) to total system mass. Data from over 100 simulations is shown, all
data points are included in the box and whisker plots. The center line for each
distribution is the median, the boxes contain half the data points and the bars show
the range.
3.5 Discussion
We have demonstrated the existence of a spontaneous, first order phase transition
from non-life to life that demonstrates many features not previously observed, which
arises due to explicit incorporation of environmental feedback. It might be argued
that the dynamics reported here do not represent a true phase transition. In the
study of equilibrium physical systems, free energy is the quantity which is minimized
to determine the state of the system [84]. Typically, this involves a play-off between
minimizing total energy and maximizing entropy. When these two favor different
results, a system is expected to exhibit a first order phase transition from order to
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disorder. Here, in our dynamical scenario, a similar tradeoff happens between two
processes that consume and try to minimize the number of free monomers (which may
be related to the minimization of free energy [106]). These two different ways—viz.,
maximizing the number of bonds via polymerization, or by maximizing the number of
polymers via replication—yield distinct results with a sharp boundary between them,
which motivates the classification of the observed dynamics as a phase transition.
Due to the explicit coupling between replicators and environment, the phase
transition reported here displays many features one might expect for a newly emer-
gent biosphere that are not observable in open-flow reactor models. In particular,
restructuring during the phase transition drives a vast increase in extant diversity
and in the rate of exploration of novel diversity. This indicates that the emergence of
life should coincide with an explosive growth of novelty in resource limited systems.
Concomitantly, during the phase transition the system is dramatically restructured,
indicating that the emergence of life should have significantly altered the environ-
ment of the early Earth. It is well known that biology alters its environment over
generational and geological timescales, and that the presence of life defines many
features of the Earth-system. It is interesting to observe this as a generic feature
of life, characteristic of life as a phase of matter from its first inception, even in an
abstract and simplistic model as presented here. In fact, we observe that if replicators
do not transform their environment to enable their selection, the phase transition fails
to complete. The model therefore includes the possibility of many frustrated trials
before life first emerged (see e.g. Fig. 3), with success entailing a transformation of
the environment as a necessary component of the process of biogenesis. These features
indicate that it should be difficult to retrace the precise history of the origin of life:
the replicators that are ultimately selected will, in general, neither be reflective of
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the ancient planetary environment nor be representative of the replicators that first
nucleate the phase transition. Thus, in general the conditions favoring the emergence
of life may not be the same as those favoring its subsequent evolution.
Interestingly, the features characteristic of the phase transition are heavily de-
pendent on degradative recycling of finite resources. This suggests new perspectives
regarding the role of degradation in the origin of life, which is typically viewed as an
impediment in prebiotic chemistry, rather than a process central to early evolution [13].
Cast under new light in the resource-constrained dynamics observed here, it is perhaps
not a coincidence that RNA, as a biopolymer that played a prominent role in early
evolution, is highly susceptible to hydrolysis, perhaps resolving an apparent paradox
in the origin of life[7]. The properties of this phase transition are in principle testable
in the laboratory in experimental systems that permit recycling of biopolymers, for
example as reported in [101]. In particular, the observed dynamics should place further
constraints on the kinds of chemistries (defined by relative rates kd, kr and kp and
resources abundances) that are most conducive to mediating the transition to living
matter (see also e.g. [18]).
Importantly, the most distinctive feature of the life phase in our model is not
necessarily the presence of replicators, since these also exist in non-life. Instead it is
selection on the properties of replicators, such as replicative efficiency and stability in
the example presented here. Selection in turn necessitates a redistribution of matter
due to resources constraints. This restructuring is coincident with a sharp transition in
the mutual information between the composition of replicators and the distribution of
free monomers, which accurately tracks the phase transition. Previous work connecting
information theory to life’s origins reported that the probability to discover a self-
replicator by chance should depend exponentially on the availability of its composite
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monomers [107]. Our results demonstrate an additional necessary feature is that, in
the case of resource constrained replication, replicators and environment synchronize
their composition (share high mutual information). Such synchronization enables
exponential growth of the replicator population based on high dynamic fitness, which
in turn enables selection on the properties of new replicators discovered. When these
replicators do not match the bulk composition of the system, they force restructuring
to accommodate their selection. We further note that very few measures have been
proposed to explicitly quantify the origin of life transition. Here, mutual information
between replicators and environment accurately measures the progress of the phase
transition reported, perhaps acting as an order parameter. Future work should identify
how broadly applicable this approach is, by applying mutual information to other
candidate scenarios for the origin of life, such as in the formation of autocatalytic sets.
We have identified replicators with “life” in this simple model. However, the
definition of life is an important open philosophical and scientific question [35].
The observed information-theoretic properties of this transition are consistent with
proposals that life is most defined by its informational properties [23] (here, replicators
might be interpreted as driving the dynamics of the entire system in a “top-down”
manner due to adaptive selection [108]). The life phase may be interpreted a state
where the kinetics of individual replicators (e.g. as quantified by their replicative
efficiency and stability) dictate the behavior of the entire system, consistent with the
notion that life is a kinetically driven state of matter [93]. Although our motivation
is to understand the origin of life utilizing this model system, we note that the
model is sufficiently abstract to capture features that may be universal to a broader
class of evolutionary transitions. In particular, the dynamics could be universally
characteristic of the discovery of novel, selectable patterns in the distribution of
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resources among replicating populations. For example, the abrupt nature of the
transition shares features in common with punctuated equilibrium [109]. The dynamics
of this phase transition also demonstrate behavior that may be characteristic to mass
extinctions: the system’s restructuring necessitates a period of instability driven by
rampant destruction of extant diversity, which is followed by an explosion in novel
diversity. The relationship to the phase transition reported here could be tested, for
example, by analyzing the connection between resource distribution patterns and
abrupt evolutionary transitions.
Finally, we point out that from the perspective of stably propagating informational
patterns (replicators) that are decoupled from those imposed by the bulk environ-
ment, simple replicators such as those presented here may not be the most effective
architecture for a self-reproducing system. In this model, the total composition of
the system remains fixed, what life does is restructure the distribution of matter
within the system, due to the propagation of selectable replicating resource allocation
patterns. An interesting open question is how this phase transition might play out
for more life-like replicative systems, such as those with the architecture of a von
Neumann self-reproducing automata [23, 25, 45], a subject we leave to future work.
3.6 Supplementary information
Herein, we explicitly measure the mutual information between two variables as a
time-series variable itself to track the progress of the phase transition from non-life to
life. To generate a time series for mutual information we use the pointwise mutual
information, P . Given two random variables X = {x1, x2...xn} and Y = {y1, y2....ym},
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P is quantified as:
P(xi : yi) = log p(xi, yi)
p(xi)p(yi)
, (3.2)
where p(xi) and p(yi) are the probabilities of observing the event where X is in state
xi and Y is in state yi, respectively, and p(xi, yi) is the joint probability of this event
occurring. We generated probability distributions by counting the frequency of a given
event (e.g. abundance of ’0’ and ’1’ monomers and of replicators of a given sequence
composition) in our time series data. In the results presented here, the distributions
were generated using time series data from an ensemble of 100 experimental runs over
10, 000 time steps each. To ensure that the frequency based probability distributions
were not biased by counting states from different phases of the system (see below),
the frequencies were generated from data that sampled equally from both phases.
The probabilities of different states therefore represent ensemble statistics which do
not depend on time, while the particular ordering of states in a time series is used
to determine the time series P . In stochastic systems, such as ours, P will fluctuate
rapidly in time and is unlikely to yield useful insights. We therefore sum P over a
fixed time window to yield the mutual information for that window. Explicitly, for
a window size of w, the mutual information at time t is defined as the average of
P(xi : yi), and is given by:
I(X(t) : Y (t)) =
t+(w/2)∑
i=t−(w/2)
p(xi, yi) log
p(xi, yi)
p(xi)p(yi)
. (3.3)
[110]. This value will depend on time, not because the probabilities of different states
will depend on time, but rather the realization of different states is time ordered.
Determining an appropriate size for w is important. If w is too large, the entire
measurement collapses into one value yielding no insights into how the system is
evolving in time. By contrast, if w is too small, fluctuations wash out interesting larger
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scale structure. We chose w heuristically, such that the value of I(R;E), tracking
the mutual information between replicators and environment, was relatively constant
but large fluctuations could still be resolved. For the results presented w = 100∆t,
where ∆t = 0.1k−1h is the the resolution of the time series data in natural units. We
note that different values of w change the results quantitatively, but not qualitatively:
the system still maintains a non-zero value of the mutual information in the non-life
phase which tends toward zero in the life phase.
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Chapter 4
PREBIOTIC RNA NETWORK FORMATION: A TAXONOMY OF MOLECULAR
COOPERATION
This chapter was written in collaboration with Sanjay N. Ramprasad, Dr. Sara Imari
Walker and Dr. Niles Lehman. It was published in Life in 2017 [111]
4.1 Abstract
Cooperation is essential for evolution of biological complexity. Recent work has
shown game theoretic arguments, commonly used to model biological cooperation,
can also illuminate the dynamics of chemical systems. Here we investigate the types
of cooperation possible in a real RNA system based on the Azoarcus ribozyme, by
constructing a taxonomy of possible cooperative groups. We construct a computational
model of this system to investigate the features of the real system promoting coopera-
tion. We find triplet interactions among genotypes are intrinsically biased towards
cooperation due to the particular distribution of catalytic rate constants measured
empirically in the real system. For other distributions cooperation is less favored. We
discuss implications for understanding cooperation as a driver of complexification in
the origin of life.
59
4.2 Introduction
Recently, there is renewed interest in the importance of cooperation and collective
behavior for both the emergence and evolution of biological complexity [112, 113]
and, importantly, for the origins of life itself [55]. It is becoming increasingly clear
that one can trace the biological roots of cooperation down to the chemical level
[114]. Molecular behaviors can be described in terms of game theoretic analyses with
kinetic fitness payoffs that have direct relevance to the evolutionary fate of molecular
populations [115, 116]. It has also been suggested that cooperative effects may be
responsible for the long-term stability of the living state [21].
The Azoracus catalytic RNA covalent self-assembly system [117] allows us to
explore these concepts directly both experimentally and computationally. In this
system, cooperation arises due to the interaction among distinct genotypes leading
to collective fitness gain. Briefly, in this system RNA molecules form an interaction
network enabling the autocatalytic assembly of similar – and dissimilar – genotypes
[118, 119]. Genotype identity can be embodied in two three-nucleotide sequences
at the 5’ and 3’ ends of the ca. 200-nucleotide ribozyme. The 5’ triplet is termed
the internal guide sequence (IGS). IGS binding to a psuedo-complementary triplet
at the 3’ end of another RNA determines the rate at which one ribozyme genotype
assembles another from smaller fragments. A simplified version of this system in
which only two fragments need to be covalently recombined to produce the ribozyme
is depicted in Figure 1a. Here we describe the reaction as WXY + Z →WXYZ,
where WXYZ represents the full-length ribozyme. Cooperation, in this molecular
context, is the event whereby one WXY genotype assembles another ribozyme with
a distinct genotype; in other words, when the IGS sequences of the catalyst and its
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substrate do not match. Conversely, selfish assembly occurs when the IGS triplets of
the catalyst and its substrate are the same [119] (Figure 1b). The balance between
cooperative and selfish strategies is a key determinant in population evolution [41].
The origins of life likely required a kinetic competition among informational units
prior to the advent of Darwinian evolution seen in contemporary life [57]. In a chemical
soup this competition would have been played out in a network setting among a wide
variety of molecular species. One approach to decomposing such network dynamics
into smaller mechanistic elements is to use game theoretical methods to understand
how pairs or triplets of genotypes interact in isolation. Game theory, in this context, is
a mathematical framework in which the dynamical behavior of alternative reproductive
strategies compete for limiting resources can be quantified through payoff matrices.
The dynamics of such subnetworks can then be used to understand how larger chemical
networks may behave. But before this can be done, it is necessary to have a complete
understanding of the rules that govern subnetwork growth and interaction.
In the Azoarcus ribozyme system, evolvable networks can be composed of as few as
three WXY genotypes. Previously we have explored the joint growth dynamics of a
particular 3-membered network of such genotypes [116, 118]. This network embodied
the “rock-paper-scissors” (RPS) game theoretic dynamic, which has been also explored
at a variety of biological levels [120, 121]. In the RPS scenario, one genotype is
superior to another by direct comparison, and so on around the cycle. However there
are far more possible topologies than just RPS, depending on the directionalities and
strengths of the various inter-genotype node interactions. In fact, there are 17 distinct
3-node, 3-edge topologies (including edges that are a self-loop), with RPS being but
one of them (Figure 2).
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Figure 9. The Azoarcus ribozyme self assembly system. (a) The reaction between the
148-nt WXY RNA fragment and the 55-nt Z RNA fragment. This reaction is
catalyzed by the binding of the IGS of another catalyst (either a
covalently-contiguous WXYZ molecule that had been previously assembled or a
non-covalent WXY-Z complex) to the tag sequence on the 3’ end of the substrate
WXY molecule. The key hydrogen bonding interactions are shown in green
(invariant) and red (variable) dotted lines. (b) A comparison of selfish and
cooperative assembly reactions by the use of two example pairs. In selfish assembly,
the IGS (upper left of each molecule) of the substrate and the catalyst RNAs match;
in cooperative assembly they do not match.
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Figure 10. The 17 possible non-trivial 3-node, 3-edge network topologies. Topology 2
is the “rock-paper-scissors” (RPS) scenario. A, B, and C denote distinct WXY
RNA genotypes, while the arrows denote the ability of one genotype to covalently
assemble another. For comparison, there are only four 2-node, 2-edge topologies, and
we explored these in detail previously [116].
The complexity of network dynamics is manifest by the constraints imposed on the
processes that define the pairwise interactions of the members of the network itself.
Understanding the emergence of these dynamics is of significant interest in prebiotic
chemistry [57]. The topological artifacts of network graphs, e.g. edges and nodes,
inform both the direction and magnitude of these interactions. Figure 2 represents a
global overview of the classes of pairwise interactions possible in such 3-member RNA
networks. All possible triplet genotype combinations are represented by one of these
17 classes of global network topologies. In these networks, the constraints imposed
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are the real rate constants of self-assembly derived from previously demonstrated
empirical data [116].
In this manuscript, we explore the hierarchical relationships among the types of
molecular behavior (i.e., cooperative or selfish) in these 3-genotype networks. Specifi-
cally, we are interested in the emergence of inter-genotype dynamics at the network
level due to bond type and strength at the chemical level. Using empirically deter-
mined rate constants for the various IGS-substrate interactions, we computationally
model the landscape of all possible genotypic interactions and explore RNA growth
dynamics for each, producing a full picture of the dynamics of small networks that
would be intractable to explore in the lab. By systematically modeling all 1-genotype,
2-genotype, and 3-genotype fitnesses within these simple topologies, and categorizing
the various possible fitness benefits to individuals versus groups, we construct a
taxonomy of cooperation that provides new insights into the molecular dynamics of
cooperation that could have driven the emergence of life.
4.2.1 Nomenclature and chemistry
As in previous work [116, 118, 119, 122], we designate each WXY RNA genotype
by a two-letter name, MN . The first letter, M , denotes the middle nucleotide of the
IGS, while the second letter, N , denotes the middle nucleotide of the target triplet
on the 3’ end of the WXY fragment (Figure 1a). We term this latter triplet the
“tag” sequence. The IGS-tag triplet-triplet binding through nucleotide pairing is the
key chemical and informational interaction that determines the rate at which one
genotype will catalyze the covalent assembly of another ribozyme [122]. The wildtype
IGS sequence of the Azoarcus group I intron ribozyme is 5’-GUG-3’ [123], and the
64
Table 1. Autocatalytic rate constants for Azoarcus RNA covalent self assembly.
WXY genotype self-assembly rates (ka); min−1 nucleotide pair type
C•G 0.0415
A•U 0.0319 strong (Watson-Crick)
U•A 0.0197
G•C 0.0125
G•U 0.0091
A•C 0.0069 intermediate (wobble)
U•G 0.0049
U•C 0.0038
U•U 0.0022
C•A 0.0020
C•C 0.0016 weak
G•G 0.0006
G•A 0.0005
A•A 0.0004
C•U 0.0004
A•G 0.0001
psuedocomplementary sequence to this in the tag would be 5’-CAU-3’. Although in
principle all three positions could be varied, proper group I intron activity is highly
dependent on a G•U wobble at the splice site [124, 125], meaning that the first (5’)
nucleotide of the IGS was best fixed as a guanosine, and the third (3’) nucleotide of the
tag was best fixed as a uridine (Figure 1a). Moreover, we have found that variation at
the middle nucleotide of the IGS-tag triplet is better tolerated than variation at either
end [126]. Thus we focused only on variation in the middle position of the IGS-tag
interactions (the red dotted line in Figure 1a) such that there are 16 possible WXY
genotypes, i.e., 5’-GMGWXYCNU -3’. These can be abbreviated MN, such that, for
example, the genotype 5’-GUGWXYCAU -3’ can be simply denoted UA.
In previous work, we measured all possible self-assembly rates for the 16 MN WXY
genotypes when incubated with equimolar Z in 100 mM MgCl2 at 48◦C [116, 122].
The rates are listed in Table 1 and serve as the empirical basis for all the estimated
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genotype-genotype edge strengths in the networks we examine herein. These rates vary
over three orders of magnitude and exhibit a specific distribution of values, owing to
the energetics of IGS-tag interactions. The goal of the current work is to test the causal
chain of events from the H-bonding patterns that exist in the IGS-tag interaction to
the patterns of cooperative or selfish behavior that manifest at the population level.
To our knowledge this has never been explicitly done before. Specifically, we explored
the differences in growth rates, as a measure of fitness, for genotypes when they are
isolated, exist in pairs, or exist in triplets.
4.2.2 Classification and Taxonomy
There are 16 possible Azoarcus WXY genotypes, therefore there are 16Choose3
= 560 possible triplet groups, and within each of those 560 triplets there are 3Choose2
= 3 unique pairs. Each of these triplets can be classified according to the degree of
cooperation exhibited by the triplet. One type of classification is simply to count the
number of growth rates which were improved in the triplet relative to the individual
rates. If all the genotypes in a triplet had a growth enhancement relative to their
isolated growth rates, Rijkm > Rmm for m ∈ (i, j, k),we say that triplets has 3 cooperators
and we call that triplet cooperative. If two genotypes improve their growth rates
relative to the isolated condition, we say that triplet has 2 cooperators and we refer
to that triplet as semi-cooperative. If only one growth rate improves relative to the
isolated cases, it has one cooperator and we refer to that triplet as selfish, and if all the
rates either remained constant or decreased in the triplet relative to the isolated rates,
Rijkm ≤ Rmm for m ∈ (i, j, k), it has 0 cooperators, and we call that triplet antagonistic
(or in the case that all rates remain constant neutral. These classifications describe
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the degree to which all three genotypes gain a fitness advantage by being in a triplet
as opposed to existing as isolated individuals. We refer to this as the first level of
classification in our taxonomy.
There is another, finer, level of classification based on the number of growth rates
which improved in the triplet relative to the pair-wise interactions. For any one of the
560 triplets, there are 3 possible pairs (ij), (ik), and (jk), the growth rate of each
genotype in each pair (e.g. Rjkj ) can be compared to the growth rate of that triplet in
the triplet (Rijkj ), allowing for 6 comparisons per triplet. We can count the number of
times a triplet growth rate is greater than a pair-wise growth rate for a given triplet,
giving a number between 0 and 6. This number describes the degree to which pairs
of genotypes gain a fitness advantage by being in a triplet as opposed to an isolated
pair. For example, if a triplet scores a 0 on this level of classification, that means that
the growth rates for all the genotypes in the triplet would have been higher in either
of their two possible pairs, as compared to their growth rates in the triplet. While
if a triplet scores a 6 on this level, every genotype has a higher growth rate in the
triplet, as compared to any of its two possible pairs. Many different configurations
can generate scores between 0 and 6; for example a score of 3 could be caused by one
genotype in each possible pair having an increased rate in the triplet relative to those
pairs, or by one pair having both members increase their growth rates in the triplet
and another individual benefit from the triplet as compared to its possible pairs. We
refer to this as the second level of classification.
The overall “taxonomy” that results by considering these two levels of classification
can be seen in Figure 3. One immediate result is that the taxonomy is skewed
towards cooperation at both levels of analysis. There are more semi-cooperative and
cooperative cases combined (256 + 167 = 423) than there are antagonistic and selfish
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(14 + 123 = 128). Likewise there are more cases where 4, 5, and 6 pairs are improved
(261) compared to cases where 0, 1, or 2 pairs are improved (156) upon group inclusion.
This bias is a combination of two factors. First, there are simply more combinatorial
ways to be cooperative. This is due to the fact that none of the IGS-tag interactions are
inhibitory in nature, so the presence of any other genotype in principle can contribute
to an enhanced growth rate. In the finite resource simulations presented here, this
effect is mitigated because the improvement gained by a small contribution to the
catalytic rate is off-set by more rapidly decreasing resource abundances.
Secondly and more critically, there is an influence based on the distribution of
rates as seen in Table 1. We randomized the rate distributions in various ways to
compare them against the empirical distribution of rates (Figure 4). In short, we
tested a completely random (flat distribution), a heterogeneous distribution (random
on a logarithmic scale) a distribution which accounts for the discrepancy between
Watson-Crick pairs and all other base pairing (WC distribution), as well as one
which includes the effects of ‘wobble’ pairs (WCW3 distribution). For a complete
description of the different distributions see Materials and Methods. The degree
of cooperation seen in the empirically derived system is much greater than would
be expected if the catalytic rate constants were homogeneous (e.g., drawn from a
random flat distribution). We also found that while the WC distribution was unable to
produce the degree of cooperation seen in the empirically derived system, the WCW3
distribution agreed well with the empirically derived system. The heterogeneous
distribution agreed well with the empirically derived system also, suggesting that
the heterogeneity of the distribution, and not the particular order of the base pairs
drives the observed cooperation. In particular we note that both the WCW3 and Log
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Figure 11. Taxonomy of molecular cooperation using the empirically derived rate
constants. The left bar (gray) represents all possible 560 triplet genotype
combinations. The bars in the center correspond to the first level classifications, and
the height of the bar indicates which fraction of all triplets fell into that category.
The bars on the right show the second level classifications and the fraction of all
triplets which fall into that category.
Random distributions yielded many more cooperative triplets relative to the WC and
flat random distributions.
4.3 Discussion
By building a kinetic model of the Azoracus ribozyme WXY genotype system,
we were able to investigate the distribution of cooperative effects in that system, as
well as the drivers of that distribution. We found that the real system demonstrated
an enhanced level of cooperation relative to a randomized control. We are also able to
observe a diverse array of evolutionary trade-offs, as the number of unique genotypes
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Figure 12. The effect of the distributions of ribozyme self-assembly rates on
cooperation. Top, left: Flat Random vs. Real rate constants. The Empirically
derived rate constants show an enhanced level of cooperative relative to a completely
randomized control. Top, right: Log Random vs. Real rate constants. The
empirically derived distribution of cooperation is well explained by a logarithmically
distributed random distribution Bottom, left: WC pairs vs. Real. The empirically
derived distribution of cooperation is not completely explained by including two
values of rate constants. Bottom, right: WC with three wobble pairs vs. Real. The
empirically derived rate distribution of cooperation is well explained by including
wobble pairs in a simplified set of rate constants.
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in a system increases. We further found that these enhanced rates of cooperation
were well explained by the heterogeneous distribution of catalytic rate constants.
These results have several consequences for understanding the evolution of cooperative
catalytic networks.
While previous studies of collectively autocatalytic networks have provided topo-
logical constraints on such systems [57], results presented here provide new constraints
on the dynamics of autocatalytic RNA networks. Prior investigations of autocatalytic
chemical reaction networks find that they are rarely fixated in randomly assembled
networks [127]. This rarity may be due (in part) to the uniform distribution of rate
constants used in many of these studies. The results presented here suggest that the
likelihood of observing such networks dynamically (either in the lab or in silico) would
enhanced by using a heterogeneous distribution of rate constants.
By classifying the degree of cooperation using these two scales of organization
(improvement from individual rates, and improvement from pair-wise rates), we can
begin to understand how cooperation in the Azoarcus RNA system changes under
aggregation (e.g., addition of more unique genotypes). We find that there are some
genotype triplets which are fully cooperative, and score a 6 on the second level
classification, meaning that all the genotypes grow faster in the triplet than they do
alone, and all possible pairs of genotypes grow faster in the triplet than they do in
pairs. Triplets of this kind would be expected to have an enhanced stability in the
face of external perturbations [128]. There are also cases when a semi-cooperative
triplet scores a 5 or 6 on the second level classification. In this situation, there is at
least one genotype which gains no net benefit from being in the triplet relative to
being isolated but which gains an advantage relative to being in a pair with either
other member of the triplet. Interestingly, we find that there are a few antagonistic
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triplets, which score a 6 on the second level classification. This situation implies that
each genotype in such a triplet does worse in combination with both of the other two,
however if any two genotypes are present, they both gain an advantage by adding the
third. These genotypes have the highest growth rates alone, but if they cannot be
isolated completely they are better off in the triplet. These are just some examples of
the types of evolutionary trade-offs present in this chemical system.
Understanding the evolution of cooperation in chemical systems will be essential
to understanding the complexification of such systems as they make the transition
to biological ones. In the current study, we tested the effect of the distribution of
rate constants for ribozyme assembly. As can be seen in Figure 4, this distribution
has a substantial effect on how fitness is partitioned between individual and group
benefits. These rate constants in turn are determined by the chemical moieties in the
base-pairing surface of a single nucleotide pair embedded in the middle of the IGS-tag
triplet-triplet interactions. The steric and electronic configurations of this base-pairing
surface in turn is determined by only a few atomic rearrangements, which in some
cases involve as few as three atoms (compare a G-C pair with a G-U pair, for example).
Thus here we are able to draw a line of causality from the atomic level to the group
population level dynamics of complex macromolecules with molecular masses greater
than 50,000 daltons. The dynamical behavior of ribozyme self-assembly then may be
another manifestation of (or even determinant of) the chemical etiology as discussed
by Eschenmoser [129].
One of the most salient features of the biosphere is its hierarchical organization
[21, 23, 130–132]. The emergence of biological hierarchies can be viewed as a type of
dynamic computation, where component parts are both partially constrained by and
partially responsible for the higher level organization that emerges [130]. Notably, one
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of the key features of the population level organization observed in the Azoarcus RNA
system was due to the heterogeneous distribution of rate constants. In other aspects
of biology, heterogeneous distributions of connections have been shown to enhance the
information processing capabilities of biochemical networks [133, 134]. It is possible
that the distribution of base-pairing energetics in nucleobases provides RNA systems
with enhanced computational and informational abilities relative to other plausible
prebiotic chemistries. That enhancement would have contributed to the ability of
RNA-based systems to generate higher levels of hierarchical organization.
4.4 Materials and Methods
4.4.1 Kinetic Simulations
To explore the drivers of cooperation in this system, we developed a dynamic
model Azoracus ribozyme self-assembly. In contrast to previous models of this system,
we considered a closed system with a fixed total number of WXY and Z fragments.
We model the self-assembly process as a spontaneous reaction which can be catalyzed
by assembled ribozymes. The spontaneous assembly propensity for a given genotype
is determined by the total abundance of WXY fragments of that genotype and the
number of Z fragments and the reaction rate constants ks, such that the rate is
proportional to ks[WXYi][Z]. The assembly of ribozymes can be catalyzed by other
ribozymes. The degree of catalysis is determined by the IGS of the completed ribozyme
and the tag of the ribozyme to be assembled. Catalysis increases the spontaneous
propensity of assembly by a factor of kij[Xi], where kij is the degree to which a
ribozyme with IGS i catalyzes the assembly of ribozymes with tag j, and [Xi], is the
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number of ribozymes with IGS i. Thus the total assembly propensity of a ribozyme
with tag j is proportional to
Aj ∝ ks[WXYj][Z](1 + Σikij[Xi]). (4.1)
For the results presented here we have set the spontaneous rate constant to a small
value (ks = 10−8), and we have approximated the values using the self-assembly
autocatalysis rate constants provided in [116]. This model was implemented in a
kinetic Monte Carlo algorithm [103].
4.4.2 Fitting Growth Constants
Understanding cooperation in this system requires comparing the growth rates of
genotypes when they are isolated, and when they are coexisting with other genotypes.
In order to make this comparison simulations were performed with genotypes individ-
ually, in pairs, and in triplet groups. For the individual simulations, the system was
initialized with 1 completed ribozyme of the given genotype, 5000 WXY fragments
of that genotype and 15000 Z fragments. For simulations with pairs of genotypes,
the system was initialized with 2 complete ribozymes (one of each genotype), 10000
WXY fragments (5000 of each genotype) and 15000 Z fragments. Simulations with
triplets were performed in a similar manner, with 3 completed ribozymes (one of each
genotype), 15000 WXY fragments (5000 of each genotype) and 15000 Z fragments.
For each simulation time series data for the abundance of each ribozyme genotype was
recorded. To compare the growth rate of a given genotype under different conditions
(e.g isolated, in triplet, or pair), an exponential curve of the form,
XCi (t) = X0 exp(R
C
i t), (4.2)
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was fit to the beginning of simulated time series data. Where XCi is the abundance of
the completed ribozyme of genotype i, in condition C, and X0 is the fitted growth
rate for genotype i, in condition C. The possible conditions for a given ribozyme, are
alone which we denote C = i for ribozyme i, in pairs which we denote C = ij for the
combination of ribozymes and i and j, or in triplets which we denote C = ijk.
4.4.3 Randomization Experiments
In order to understand what drives the observed distribution of cooperation,
we compared the distribution of cooperative ribozymes derived from the empirical
catalytic rate constants to the distribution of cooperative ribozymes derived from
other catalytic rate constants (e.g., different values for Table 1). Several different
distributions of reaction rate constants were chosen to understand which features
of the catalytic rate constants caused the observed distribution of rate constants.
As a control, rate constants were drawn from a random uniform distribution with
a range equal to the range of the empirical constants (0.0001, 0.0415), we refer to
these as flat rate constants. Since the self-assembly process in the Azoracus ribozyme
depends on the nucleobases in the IGS and the tag, the rate of catalytic reaction rate
constants for any Watson Crick pair of IGS and tag nucleobases are much higher.
Therefore the observed distribution of catalysis may be due to the spacing between
the highest rate constants and the lowest. To capture these features we use three
different synthetic distributions, to compare to the real distribution (Table 1). The
first distribution, which we refer to as the Watson-Crick (WC) distribution, assigns the
Watson-Crick IGS-tag pairs to have a uniform catalytic rate constant (0.0400), which
is two orders of magnitude higher than all the other rate constants(0.0004). We also
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used another distribution in which we again assign Watson-Crick IGS-tag pairs to have
a high uniform rate constant (0.0400), which is one order of magnitude above the rate
constant assigned to “wobble pair” IGS, tag pairs (0.0040), and all other rate constants
were set to be one order of magnitude lower than the wobble pair constants (0.0004),
we refer to this distributions as the Watson-Crick-Wobble (WCW3) distribution. The
final distribution is one where rate constants are uniformly distributed on a logarithmic
scale, which we refer to as the Log Random or heterogeneous rate constants.
4.5 Conclusions
Evolution of complexity is typically explained by understanding how individuals
form cooperative groups. In the chemical events surrounding the origins of life, it
appears that explaining the converse situation – how individuals arise from cooperative
groups – will be an important task. The advent of cells or some type of semi-permanent
encapsulation mechanism allowed for the physical linkage of genotypes with their
own phenotypes, as well as energetic benefits [40, 56, 57, 135]. This “invention” of
a barrier, such as proto-cells, likely led to an evolutionary advantage to individuals.
However, reliably passing on the key molecular machinery to new containers likely
would have required specialized chemical processes. Specialization to that degree
requires a division of labor amongst prebiotic molecules, and it is well known in
evolutionary theory that cooperation is a prerequisite of division of labor[131]. For
these reasons we suggest that in a prebiotic chemical soup, the rules of cooperation
such as those we investigated here, would have been the primary drivers of evolutionary
change.
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Chapter 5
NOISY CHANNELS, ERROR CORRECTION AND THE ORIGIN OF LIFE
5.1 Abstract
Life on Earth consists of evolutionary lineages that represent the stable propagation
of information through billions of years of biological, ecological, and planetary evolution.
A central problem in the origins of life lies in explaining the origin of this stable
transmission of information. Here we present a model of molecular replication, where
replicators are coupled to a noisy environment. We demonstrate that when mutation
rates depend on the concentration of active monomers, information can be reliably
propagated in the face of noise. We introduce a simple notion of function and
demonstrate that replicating templates which catalyze changes in their environment
are able to stabilize those environments which in turn further stabilizes the transmission
of genetic information. We conclude with a discussion of how these result inform our
understanding of the origin of life on Earth.
5.2 Introduction
Life on Earth is composed of evolutionary lineages which represent the stable
transmission of information through billions of years of biological, ecological and
planetary evolution [21]. In contemporary organisms this information is transmitted
through the copying of genetic information stored in DNA [3]. In order for genetic
information to be reliably transmitted between generations, the mutation rate per base
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pair must be less than the inverse of the amount of information (in bits) contained
in the genome. This constraint, known as Eigen’s error threshold, implies that high
fidelity replication would be required to enable the emergence of complex genetic
lineages [19]. Experiments suggest that DNA polymerases used across the tree of
life have error rates ranging from 1 mutation in every 108 − 1012 base pairs [136],
allowing modern life to maintain very large genomes. The chemical origins of this high
fidelity replication are currently unknown [7, 55]. Decades of research suggest that
the spontaneous synthesis of of a general purpose polymerase which could mediate
this high fidelty replication, would have been an extremely unlikely, if not impossible
event [7, 55, 137].
It has been proposed that non-enzymatic replication may have enabled proto-
biological systems to store and transmit information prior to the emergence of a
polymerase [137–139]. While non-enzymatic replication is chemically simple compared
to enzymatic polymerization, it presents a number of different challenges [137]. Here
we focus on the fidelity of non-enzymatic replication, which is much lower than the
enzymatic replication seen in modern organisms [136, 137]. It is currently unclear if
the fidelty of non-enzymatic replication is sufficient to enable stable transmission of
genetic information [137, 138].
Empirical studies have estimated the error rate of non-enzymatic replication of
RNA templates to be about 17% [140]. Importantly, this error rate is sensitive to the
relative concentrations of activated monomers and 17% is the minimum expected given
optimal monomer concentrations [140]. Some mechanisms to effectively lower this
mutation rate have been identified [137, 141, 142]. Rajamani et al demonstrated that
non-enzymatic replication proceeds much slower after a mutation has occurred [141].
This stalling phenomena implies that replication events with errors are completed at
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a much slower rate than those without errors, enabling the correct copies to serve
as templates sooner than incorrect copies. The net effect of this phenomena is an
effective error rate which is at least 2 times less than expected [141]. Other authors
have studied the effect of alternative biochemistry on error rates [142, 143]. Many
errors in nucleic acids templates are caused by the mis-incorporation of uracil bases
in the place of cytosine bases, which have similar thermodynamic stability when
paired with guanine [142]. Testa et al demonstrated that changing one base, from
uracil to 2-thio-uracil in RNA templates altered the thermodynamic stability of those
mutations, reducing their likelihood [142].
Here we characterize a previously unexplored a system level mechanism which
can reduce the effective error rate of non-enzymatic replication and enable Darwinian
evolution. This mechanism manifests due to the feed-backs between replicating
templates, and environmental concentrations of activated monomers, which in turn
effect mutation rates. We demonstrate this mechanism using a computational model in
which templates are replicated, degraded and recycled back into activated monomers.
We assume the mutation rates of templates depend on the relative concentrations of
free monomers. We also assume that some replicating templates are functional, and
therefore cause changes in their environmental conditions. Within the context of this
model, the simplest possible function a template can perform is to convert one type
of monomer into another.
Using this model we find that coupling mutation rates to monomer availability
mitigates the effects of the error threshold. Specifically, in this model, the effects
of the error threshold manifest stochastically. Given the same initial conditions and
parameters, some simulations enable the reliable transmission of information through
selection, while others do not. We show the stochastic aspect of this phenomena is
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driven by the coupling of mutation rates to resource availability. In this model we
find selection can occur at mutation rates that are at least 1.5 times higher than
those expected from traditional error threshold arguments. We demonstrate how this
coupling, in combination with functional templates can enable the stable propagation
of information in the face of even higher mutation rates. Finally, we discuss the
implications of these results for the understanding the early evolutionary dynamics of
information bearing systems.
5.3 Model Description
In order to investigate these dynamics we developed a kinetic model of non-
enzymatic replication in which templates are explicitly coupled to their environment.
We consider a finite pool of monomers composed of A and B monomer species.
Templates are formed by strings of monomers of length ν. The particular sequence
of monomers in the string determines the species i of the template. We refer to the
abundance of a particular species as xi. We use ai and bi to refer to the number of
A and B monomers in an individual of species i, such that for any i, ai + bi = ν.
We refer to the number of free A and B monomers in the environment as A and B
respectively. Templates spontaneously decay into monomers with a propensity, Qd,
given by equation 5.1.
Replication reactions occur with a propensity that depends on the composition
of both the template and the free monomers available in the environment. Recent
laboratory experiments suggest that non-enzymatic replication rates are approximately
first order in the free monomers available [144]. The propensity of replication, Qr is
given by equation 5.2, where kri gives the replication rate constant for species i and
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Gi encodes the resource dependence of the templates, ensuring that A rich templates
are more likely to replicate in A rich environments. Since we are primarily concerned
with the fidelity of replication we assume that all monomers are activated readily by
the environment and that completed strings immediately dissociate from the template
making them available to serve as templates or to degrade immediately. We designate
a master sequence which is considered more fit than the other templates. Replication
reactions involving this template occur at a rate which is ten times higher than all
other sequences. We assume that mutations occurs during the replication process and
the propensity of mutation is sensitive to the free monomers in the environment, such
that if the number of free A monomers is higher, the likelihood of mis-incorporating an
A monomer is higher, similarly for B monomers. The simplest way to incorporate this
effect is to assume that during a replication reaction each B monomer has a chance
to replaced MBA = µ AA+B . According to traditional arguments the error threshold in
this model should manifest for MBA = MAB ≈ 1ν , when the number of free monomers
of each type is equal this would reduce to µ ≈ 2
ν
.
We further assume that A monomers can be converted to B monomers and visa
versa. This might represent, for example, the deanimation of cytosine into uracil.
This process can occur spontaneously and it can be catalyzed. While we recognize it
is in general not possible to convert any nucleobase into any other, we include this
feature of the model as to explore the role functional feedback between templates and
the relative concentrations of activated monomers. The propensity of transforming A
monomers into B monomers, Qt, is assumed to follow equation 5.3, where xc is the
abundance of catalyst template and fc represents the effect of that catalyst on the
reaction rate. The same functional form applies for the propensity of transforming B
monomers into A monomers [145]. Particular species must be identified as catalysts,
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and assigned a corresponding catalytic rate constant, fc. We simulate these dynamics
using a kinetic Monte Carlo algorithm [103, 104]. In what follows we set ν = 8,
kd = 1.0, kt = 10−6, and kri = kr = 5 ∗ 10−5. The total mass was set such that there
were initially 20,000 of A and 20,000 B monomers, with 10 of each template species
in the system, unless otherwise specified.
Qd =
∑
i
kdxi (5.1)
Qr =
∑
i
krixiGi (5.2)
Qt =
(
kt +
∑
c
fcxc
)
A (5.3)
Gi = (A+ B)(1− )ai(1 + )bi (5.4)
 =
B −A
B +A (5.5)
5.4 Results
In order to characterize the dynamics of this model, parameters were sampled using
a Monte Carlo approach. We first investigated the effect of the replication rate kr and
the mutation rate µ, with a fixed master sequence (BBBBBBBB), no functional
templates, and a very slow monomer conversion rate kt = 10−6. 9000 simulations were
run with the values of kr sampled from a log-uniform distribution over the range of
(10−5, 10−2) 1, and the mutation rates sampled from the uniform distribution between
zero and unity, (µ ∼ U(0, 1)). The time-averaged total number of replicators for these
1This is done by sampling a value from the uniform distribution between [-5,-2], exponentiating
the result such that kr ∼ 10U(−2,−5)
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Figure 13. Average abundance of templates changes as a function of the replication
rate kr. The time-averaged, total template abundance is shown for different values of
kr and µ is shown. The value of kr = 5 ∗ 10−5 was chosen for the following results,
and is shown here with a vertical dashed line.
simulations is shown in figure 13. Based on these results we chose to use the value of
kr = 5∗10−5, for the remainder of the simulations because it enabled a wide variability
in simulation outcomes.
The time series from a typical run with kr = 5 ∗ 10−5 and µ ≈ 0.230 is shown in
figure 14. The master sequence (shown in red) dominates the population, reaching a
steady-state concentration of approximately 200. As predicted by quasi-species theory,
a “cloud“ of mutants follows the population of the master sequence. Shown in grey is
the averaged abundance of the all templates that are one mutation away from the
master sequence, similarly the pink line shows the average abundance of all sequences
which are two mutations away from the master.
In order to characterize the effect of the mutation rate µ on the dynamics, 1127
simulations were run with the replication rate fixed as kr = 5∗10−5, with the mutation
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Figure 14. Time series of templates for a simulation with a single master sequence
which has a factor of 10 greater replication rate than all other sequences. The colored
line here correspond to the abundance different templates. The abundances are
plotted on a logarithmic scale. The red line indicates the abundance of the master
sequence at each time step. The grey line represents the average abundance of species
which differ from the master by a single mutation, the pink line represents the average
abundance of species which differ from the master by two mutations and so on.
rate sampled from the uniform distribution µ ∼ U(0, 1). We characterized these
simulations based on whether or not selection for the master sequence occurred. We
define selection to occur when the master sequence abundance both increases from its
initial value and is greater than any other template in the system at the end of the
simulation. In other models of molecular replication there is a mutation rate, known
as the error threshold, above which the master sequence cannot be selected, despite an
intrinsic fitness advantage [19]. Surprisingly we find that selection is possible above
the predicted error threshold (µe ≈ 0.25) in this model. When the system is initialized
with 10 of every species, we found that the master sequence was selected according to
a probability that decreased with increasing mutation rates. Specifically in the range
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0.2 < µ < 0.35, there were many simulations which resulted in both possible outcomes,
as shown in the top of figure 15. The bottom of figure 15, shows an estimate of this
probability as a function of the mutation rate µ.
In order to understand the mechanisms responsible for this stochastic error thresh-
old we compared our model with two other variants. First we compare it against a
model in which ”back mutations“ are inhibited. Second we compare it against a model
in which the mutation rate is constant. In the derivation of the error threshold it is
assumed that no other sequence mutates into the master sequence such that mutations
only serve to decrease the population of the master sequence [19]. Since the effect of
back mutations is present in our model, we tested whether it could be responsible for
the stochastic aspects of the error threshold. We ran simulations which were exactly
the same except that any mutation which would’ve created a copy of the master
sequence was inhibited. The results of that model were statistically indistinguishable
from our results (not shown), implying that back mutations are not responsible for
the stochastic error threshold observed in this model.
Another major distinction between the model presented here and others is the
explicit coupling of the mutation rate to a finite and dynamic environment. In order
to test whether this difference was driving the stochastic the error threshold in this
model we ran simulations in which the mutation rate was fixed at the same value of
M = µ
2
. This ensured the likelihood of mutations were constant with respect to the
resource availability, with a value that was equal to the scenario when both monomers
are equally abundant. We found that when the mutation rate is not coupled to a
changing environment the master sequence could not be selected above µ ≈ 0.31.
This is different than the original model, where many simulations showed the master
sequence fixating small, but dominate populations at higher mutation rates.
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Figure 15. Selection of the master sequence occurs stochastically in this model. Top:
The mass fraction is the time averaged ratio between the mass in the master sequence
against the mass in all templates. The mass fraction of the master sequence for 1127
simulations is shown as a function of the mutation rate. Points are colored based on
whether or not selection occurred in that simulation (see main text). Bottom: The
estimated probability of selection occurring is shown as a function of the mutation
rate µ (black line). We find that in contrast to previous models of molecular
replication, the error threshold in this model does not represent a strict limitation.
Selection of the master sequence occurs with a probability that decreases as the
mutation rate increases. Selection can occur above the error threshold.
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Figure 16. The probability of the master sequence fixating is shown as a function of
the mutation rate µ, for two different models. In orange, the probability for a model
with a static mutation rate is shown. In this case the error threshold is a sharp
transition, as expected from quasi-species theory, when the mutation rate is above a
critical value the master sequence cannot be selected. In green, the same probability
is shown a model with a dynamic mutation rate. The model with a static mutation
rate has a sharp error threshold, while the model with a dynamic mutation rate has a
stochastic error threshold.
We next sought to determine the highest possible mutation rate at which the master
sequence could be fixated in the original model. In order to do this we initialized
the system with different initial concentrations. We used the previous simulation
runs to help select new concentrations. We took the final concentrations from runs
in which the master sequence had fixated. We added some small noise to those final
concentrations by randomly increasing the concentration of some species and reducing
the concentration of other species, while maintaining the total mass of the system.
We then evolved these perturbed concentrations at higher mutation rates than the
simulation which produced the initial conditions. This process was done iteratively.
As the mutation rate increased fewer and fewer initial conditions led to the master
sequence fixating. Further, the absolute number of templates also decreased. The
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highest mutation rate with a stable population of the master sequence was observed
to be µ = 0.41.
We next investigated the effect of introducing functional templates. We ran
1000 simulations with the mutation rate fixed at µ = 0.4, and the master sequence
(BBBBBBBB) was designated as a catalyst for the transformation of A monomers
into B monomers. The remaining parameters were the same as before. The catalytic
rate constant was sampled from a uniform distribution fc ∼ U(0.0, 0.01). As the
catalytic rate constant increased the probability of selection increased, as shown on
the left side Figure 17, this analysis was repeated for higher mutation rates up to
µ = 0.7. As the mutation rate increases, the catalytic rate constant needed to be
higher in order to ensure the same effect.
We next sought to determine whether the same effect could be achieved when the
master sequence was not itself functional, but rather when it’s mutational neighbors
were functional. Once again we fixed the master sequence to be BBBBBBBB, but
instead assigned the a functional template to be either ABBBBBBB, AABBBBBB
or AAABBBBB, with the value of fc drawn from the same distribution. We find
that even when the master sequence is not functional itself selection can occur as the
functional template is populated in the “cloud” of the master sequence and effectively
biases the environmental conditions. Figure 17 right shows the result of this analysis.
As the mutational distance between the master sequence and the functional template
increases, greater catalytic rate constants are required to ensure selection.
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Figure 17. Functional templates which catalyze changes in the environment can
enable selection in the face of high mutation rates. The probability of selection is
shown as a function of the catalytic rate constant associated with functional
templates. Left: The master sequence (BBBBBBBB) is also a catalyst which
converts A monomers into B monomers. As the catalytic rate constant fc, is
increased the probability of selection increases. For higher mutation rates, greater
catalytic function is needed to achieve selection. Right: The master sequence can be
different. Here the probability of selection is shown the cases where the catalyst is the
same as the master sequence, as well as when the catalyst is a mutant of the master
sequence (see text for particular sequences).
5.5 Discussion
We used a chemical kinetic model to explore the fidelity non-enzymatic replication.
This model has two key differences when compared with previous models. First, it
directly couples mutation rates to resource abundances. This modeling decision is
motivated by empirical observations [140] and it has dynamical consequences. Specifi-
cally it mitigates the effect of the error threshold, enabling the reliable transmission
of information at higher mutation rates than found without such a coupling. In
closed systems such as those explored here this coupling induces a feedback between
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replicating templates and the environment. The feedback means that the dynamics of
templates and activated monomers mutually constrain each other.
This model also incorporates one of the essential features of life on Earth, it’s
capacity to modify it’s environment [88, 146]. By including catalytic feed-back that
cause templates to bias the resources available in the environments the templates
modify their own dynamics. When the master sequence catalyzes the environmental
conditions that favor itself, it can dynamically reduce it’s own error rate and enable
the stable transmission of information in the face of high mutation rates. This effect
can even be realized when the catalyst is not the master sequence itself but rather a
different template in the mutational neighborhood of the master sequence.
The system level mechanisms explored here reduce the effect of the error threshold.
Importantly, they do not preclude previously characterized mechanisms to improve
the fidelity of non-enzymatic replication [141]. When taken together with previously
explored mechanisms it is reasonable to assume that non-enzymatic replication may
achieve the fidelity required to propagate genetic information [137]. However, due to
the coupling between mutation rates and monomer concentrations, the fidelity required
to enable selection may have emerged dynamically. Early in prebiotic evolution, low
fidelity replication would have enabled faster exploration of sequence space. The
emergence of functional templates would have stabilized environment conditions,
reducing the mutation rates and thereby allowing selection on that function.
These processes suggest a multilevel view of evolutionary dynamics similar to those
in [147]. We demonstrated how selection between templates can occur when templates
are coupled to a dynamic environment. However that same coupling implies that the
evolutionary fate of templates depends in part on the other templates in it’s mutational
neighborhood. In a real system it’s possible that there could be competition not just
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between individual templates, but also between mutational neighborhoods, where
some particularly fit templates are at a disadvantage due to being further away from
functional sequences. We leave the dynamics of such competition as a topic for future
study.
Finally, we point out that finite and closed systems, such as those studied here,
have different properties compared to infinite/open systems, which are more typically
modelled using differential equations. In this case, this distinction has dynamical
consequences. We believe that the finite aspect of this model enables it to more closely
approximate laboratory systems, such as [139], as well as being more interesting
theoretically [99]. To make progress towards understanding the origin of life on Earth,
a deeper integration between computational modeling and laboratory experiments
will be required.
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Chapter 6
CONCLUSION
The title of this dissertation is On the Origin of the Living State. As you may have
guessed, this dissertation does not, in fact, explain the origin of life on Earth. So what
was it all for? First and foremost this work demonstrates how computational modeling
can improve our understanding of chemical evolution. In chapters 3 and 5 I used
computational models of molecular replication to explore dynamic chemical systems.
In those studies, simple rules interacted to generate complex dynamics. In chapter
3, I demonstrated how information measures can be used to track those complex
dynamics through a phase transition [88]. The model used in chapter 5 illustrated
important features that have been completely missed in models based on ordinary
differential equations [17, 19]. Those dynamics suggest that the origin of genetic
information may be easier to explain than previously expected [137, 138]. As we saw
in chapter 4, computational models can be particularly powerful when combined with
empirical information [111]. Using that model I was able to test alternative chemical
scenarios to determine what features of the real microscopic system are responsible
for the macroscopic patterns observed in the lab. This is a direct example of the
theoretical framework discussed in chapter 2, it demonstrates how quantitatively
different microscopic dynamics can manifest in qualitatively different macroscopic
properties. These computational techniques enable us to ask new questions which
would be impossible in the lab and intractable on the whiteboard. Developing new
scientific questions represents significant progress in it’s own right.
As I’ve discussed before the origin of life is perhaps the greatest unsolved mystery
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in the history of science. Philosophers and theologians pondered this question for
thousands of years, even before modern scientific traditions emerged. Questions about
the nature of life, and the origin of biological processes are, and always have been
related to the fundamental questions of existence. These questions do not fall into
the disciplinary distinctions that define university departments and scientific journals,
rather they manifest in different ways through many disciplines, including geology,
chemistry, biology, physics and astronomy. Unfortunately, for years the question of
life’s origin was assumed to be a strictly chemical question. The discovery of DNA by
Watson and Crick convinced scientists the essential features of living systems were
molecular in nature. For decades that notion dominated studies of the origin of life.
Science based on that idea has ultimately provided detailed knowledge of life’s building
blocks, but no explanation for how and why those building blocks came to form life
on Earth.
In the past two decades new discoveries have shown us that many properties of
living systems are not chemical in nature [21, 59]. For example, the molecular basis of
genetics led many evolutionary biologists to posit that “the genes are in charge[148].”
This implies that all of biological phenomena can be understood as a consequence of
∼ 4 billion years of selection on DNA sequences, and that genes are the ultimate cause
of biological processes. The discovery of genetic regulatory networks up-ended this
idea. If some genes can regulate others, why assume that any one gene is the cause
of a particular phenomena? This discovery and many other advances have forced
biologists adopt a systems view [59].
This systems perspective is driving a radical reshaping the discourse related to the
origins of life [21, 23, 59, 147]. One the of the key consequences of this perspective
is that having the chemical building blocks of a living system is not equivalent to
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having a living system, e.g. having the stuff is not enough. This is one of the
motivating ideas behind viewing life as a state of matter, as explained in chapter 2 and
exemplified by the dynamics shown in chapter 3. Researchers are just now beginning
to investigate the organizational and informational features of living systems. In
chapter 3 I demonstrated how information processing distinguishes the living state
from the non-living state, and in chapter 4 I demonstrated how some organizational
features of populations emerge as a consequence of the properties of molecules. Future
research will be needed to understand what features of the living state “come for free,”
based on the molecular building blocks, which features are highly evolved due ∼ 4
billion years of evolutionary optimization, and which features are due to currently
unknown organizational laws [5, 23]. In that effort computational models, like the
kind used here, will be invaluable.
Advances in computation have reshaped the very nature of the scientific method
[149]. Computational approaches to the natural sciences have emerged in the space
between experimentation and theory. They are simultaneously used to deduce the
consequences of theories and analyze the outcomes of experiments. Computation has
even disrupted the fundamental notion, dating back to the scientific revolution and
Galileo, that the language of the universe is mathematics. In the place of mathematical
equations, science today is based on discovering, and mimicking the algorithms of
nature. As others have remarked, the rise of computation will almost certainly be
viewed as a revolution in the history of science [149]. As I’ve shown here, this revolution
will undoubtedly contribute to understanding the origin of life, but another revolution
may be required before the problem can be solved.
New technologies are fueling radical new approaches to scientific questions. In-
formation technology, machine learning and 3D printing are putting more power
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in the hands of every scientist, enabling individual researchers to pursue questions
that would have required an entire lab just 10 years ago. Meanwhile, improvements
in communication technology are facilitating deeper levels of collaboration between
individuals as well as entire communities of scientists. However, in spite of these
advances, scientific institutions and practices have remained largely unchanged. With
few exceptions, universities are still organized around disciplines, rather than motivat-
ing questions, meaning they are organized according to the problems we’ve already
solved, rather than the ones we haven’t. Academic publications are still targeted to a
relatively narrow set of experts, obscuring critical results behind a haze of specialist
knowledge. This means their target audiences are people who already understand the
problem, rather than people who don’t. Taken together these institutional factors
create barriers to productive scientific discourse. These barriers are stymieing progress
on the origin of life, and overcoming them will be tantamount to a scientific revolution.
This dissertation is rather narrowly focused on computational models of prebiotic
chemistry, with some brief interludes from the world of statistical physics. Nonetheless
this dissertation may be considered highly interdisciplinary in its scope. The very core
of this work is the bridging together of concepts, ideas, hypotheses and facts from
many different disciplines into a coherent narrative. In that sense, this dissertation
represents an important step towards solving the origin of life, in that it is the bringing
together of many disciplinary ideas. The success of future origin of life research will
depend on the ability of scientists to communicate and collaborate across institutional
barriers.
One of the most dramatic divides in the origin of life community is between the
world of experiment and theory. Most models of chemical evolution, such as the
ones explored in chapters 3 and 5 have been developed by physicists and theoretical
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biologists, and they have been poorly constrained or informed by empirical facts.
Luckily, new experimental paradigms are emerging, which leverage advances in analytic
chemistry, artificial intelligence and robotics. These technologies are enabling new
experimental platforms which can generate vast amounts of data. Characterizing the
outputs of these experiments will require a new class of models. The development
and refinement of those models represents the next frontier in solving the mystery of
the origin of life.
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